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Abstract Understanding the factors that influence temporal variability in water quality is critical for
designing water quality management strategies. In this study, we explore the key factors that affect
temporal variability in stream water quality across multiple catchments using a Bayesian hierarchical model.
We apply this model to a case study data set consisting of monthly water quality measurements obtained
over a 20-year period from 102 water quality monitoring sites in the state of Victoria (Southeast Australia). We
investigate six water quality constituents: total suspended solids, total phosphorus, filterable reactive
phosphorus, total Kjeldahl nitrogen, nitrate-nitrite (NO,), and electrical conductivity. We find that same-day
streamflow has the greatest effect on water quality variability for all constituents. Additional important
predictors include soil moisture, antecedent streamflow, vegetation cover, and water temperature. Overall,
the models do not explain a large proportion of temporal variation in water quality, with Nash-Sutcliffe
coefficients lower than 0.49. However, when considering performance on a site-by-site basis, we see high
model performance in some locations, with Nash-Sutcliffe coefficients of up to 0.8 for NO, and electrical
conductivity. The effect of the temporal predictors on water quality varies between sites, which should be
explored further for potential spatial patterns in future studies. There is also potential for further extension of
these temporal variability models into a predictive spatiotemporal model of riverine constituent
concentrations, which will be a useful tool to inform decision making for catchment water

quality management.

Plain Language Summary Water quality in rivers can change greatly over time. Understanding the
causes of these changes is important for managing water quality. In this study, we used a statistical modeling
approach to identify the influences of these temporal changes across 102 catchments in Victoria, Australia.
The models were based on monthly measurements of water quality indicators (sediments, nutrients, and
salts) obtained over 20 years. We find that the streamflow is the most important influence on temporal
changes in water quality. Additional important drivers include soil moisture, recent streamflow, vegetation
cover, and water temperature. The effects of these influences on the temporal patterns of water quality vary
between catchments. Catchment managers could use the results to identify catchments and periods with
poor water quality and thus to develop localized management strategies.

1. Introduction

Rivers and streams around the world are experiencing increasing levels of contamination (Liu et al,, 2012;
Loucks et al., 2005; Nash, 1993; National Water Commission, 2005; Schwarzenbach et al., 2010; van Vliet
et al,, 2013). Increasing contamination can make water unsuitable for human uses and thus result in greater
costs associated with treating the water to a suitable standard (Jiang, 2009). Furthermore, degraded riverine
water quality has negative impacts on aquatic ecosystems (Smith et al., 1999; Vorosmarty et al.,, 2010). As
such, there is a pressing need for mitigation strategies that can combat the deterioration of riverine
water quality.

There can be substantial differences in stream water quality over both space and time (Ai et al,, 2015;
Bengraine & Marhaba, 2003; Chang, 2008; Vega et al., 1998). For example, across monitoring stations, average
suspended sediment concentrations can vary between less than 10 and up to 1,700 mg/L (Meybeck &
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Helmer, 1989). Constituent concentrations can vary at different time scales including event (Saraceno et al.,
2009), daily (Pellerin et al., 2012), seasonal (Arheimer & Lidén, 2000), and interannual (Larned et al., 2004).
For example, Vaishali and Punita (2013) reported variations in average electrical conductivity (EC) levels from
1,517 to 5,423 pS/cm, when comparing conditions before and after winter at the same location. Therefore,
understanding and modeling these spatiotemporal variabilities is critical to developing effective strategies
to improve and manage stream water quality.

Central to understanding the spatiotemporal variabilities in riverine water quality is the identification of key
physical processes and controls of these variabilities. The large spatial and temporal variability witnessed in
riverine water quality is driven by three key processes that affect stream water quality, which can vary greatly
over both time and space: (1) source: the amount of the constituent within the catchment; (2) mobilization:
the detachment of these constituents from the source, due to weathering, erosion or biogeochemical proces-
sing; and (3) delivery: the transport of mobilized constituents from the catchment to receiving waters
(Granger et al,, 2010). Regarding controlling factors, spatial variability in water quality can be affected by both
human activities in the catchment (e.g., land use, vegetation cover, and land management) and natural catch-
ment characteristics (e.g., climate, geology, soil type, topography, and hydrology; Onderka et al., 2012;
Tramblay et al., 2010). At the same time, temporal shifts in water quality can be influenced by factors such
as streamflow (Ahearn et al., 2004; Mellander et al,, 2015; Sharpley et al., 2002), which influences seasonal
variability in the delivery of the constituent to receiving waters, and rainfall (Fraser et al., 1999) and air tem-
perature (Lecce et al., 2006; Robson, 2014), which affect the mobilization and transport of constituents in the
catchment. Water temperature can also control biogeochemical processing of nutrients in streams (Roberts &
Mulholland, 2007). In addition, the amount of the constituent in the catchment (source) is influenced by ante-
cedent dry weather period (Arheimer & Lidén, 2000; Lecce et al., 2006), vegetation cover (Kaushal et al., 2014;
Ouyang et al.,, 2010), and seasonal variability in human activities in the catchment (Stutter et al., 2008).

While both spatial and temporal variability are important in riverine water quality, this study focuses on the
temporal variability in water quality across a region of approximately 200,000 km?, guided by a previous
study of the spatial variability in the same region (Lintern et al., 2018). In the existing literature, conceptual
or physically based distributed models (Argent et al., 2009; Arnold & Fohrer, 2005) have been widely used
to explore temporal variability in water quality. However, these models implicitly apply a wide suite of model
assumptions, some of which are strongly contested, for example, those relating to representation of transport
pathways and transit times (Hrachowitz et al.,, 2016). They also rely on extensive data sets and efforts for
model calibration, particularly when considering large regions with high heterogeneity in catchment condi-
tions and the key physical processes that govern water quality (Abbaspour et al., 2015). This has largely lim-
ited the scales of obtained understanding on water quality variability, both spatially (Luo & Zhang, 2009) and
temporally (Boskidis et al., 2010; Poudel et al,, 2013). On the other hand, data-driven statistical models can
allow more flexible structures to account for spatial heterogeneity. However, most existing applications of
statistical water quality models focus on temporal variability at only a single location (Kisi & Parmar, 2016;
Kuruncg et al,, 2005; Parmar & Bhardwaj, 2015). There are a few examples of temporal analyses of riverine water
quality that have examined behavior across multiple locations (Chang, 2005; Mei et al., 2014). However, these
studies have had limited spatial extents. Consequently, there is a general lack of understanding of the catch-
ment characteristics influencing spatial differences in the temporal dynamics of water quality across large
spatial scales in the existing literature.

Targeting this knowledge gap, this study aims to understand the key factors that influence temporal water
quality variability across large scales. We use a statistical modeling approach, which enables us to account
for the abovementioned spatial heterogeneity. A hierarchical structure was chosen for the model, due to
its capacity to simultaneously account for temporal trends at multiple locations (Vietz et al., 2018; Webb &
King, 2009). The insights provided by our investigation can potentially lead to methods that assist catchment
managers in designing water quality mitigation and restoration strategies.

2. Materials and Methods

We investigate six water quality constituents that are common concerns for stream water quality in Australia,
namely, total suspended solids (TSS), total phosphorus (TP), filterable reactive phosphorus (FRP), total
Kjeldahl nitrogen (TKN), nitrate-nitrite (NO,), and electrical conductivity (EC). To investigate the key drivers
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of temporal water quality variability across catchments, we used a Bayesian hierarchical modeling framework
to describe relationships between temporal variations of water quality (predictands) and a number of tempo-
rally varying driving factors including climatic and hydrologic conditions (predictors) across large number of
catchments (section 2.1). At each catchment, linear regression was used to describe how water quality
constituents change according to their key driving factors. We chose to use linear models with assuming
normality of residuals, because this improved convergence rates of the models within the computationally
intensive variable selection and fitting process (Gelman et al., 2013). To suit the linear model structure, data
for both the temporal variables and the water quality were acquired and then transformed to maximize
symmetry (as detailed in sections 2.2 and 2.3.1, for the predictands and predictors, respectively). For each
water quality parameter, the optimal linear model structure was determined via two steps: (1) selection of
the best set of temporal predictors and (2) estimation of the best fit values of corresponding model para-
meters (section 2.3). Postmodeling analyses were also carried out to further assess (a) the model performance
and (b) the key factors driving temporal variability of water quality (section 2.4).

2.1. Overarching Model Structure

The concentration of a constituent (TSS, TP, FRP, TKN, NO,, and EC) at time / and site j (C;) is assumed to be
normally distributed with a mean u; and a global standard deviation o (equation (1)). The mean, u;;, is mod-
eled as the sum of the observed time-averaged mean constituent concentration at site j (Cjops) and the devia-
tion from the mean at time i at the same site (A;) (equation (2)). Here we focus on modeling of temporal
variability (represented by deviations from mean at different time steps). This temporal variability is described
by subtracting the observed site-level mean, Ejobs, from the constituent concentration at each time step at
that site, u;; (left-hand side of equation (3)). Subtracting the site-level mean allows us to eliminate the impacts
of spatial variability in stream water quality. We can then model temporal variability at each site as a function
of the observed site-level standard deviation of the constituent (g;_obs), and a linear effect of n temporal vari-
ables, T; to T, (e.g., climate condition, streamflow, and vegetation cover; right-hand side of equation (3)). We
refer to equation (3) from here on as the temporal variability model of water quality.

c,-,»~N(ﬂ,j, 0> (1)
tij = Cjobs + Aj )]
Ay = wj — Cjobs = 0j_obs (B-T1jxT1j+ "+ BTnjxTny) 3)

Temporal variability at each site is represented by terms in the bracket in the right-hand side of equation (3),
which is scaled up by the site-level standard deviation. The scaling was applied so that variabilities would be
on a comparable scale between sites, and thus, the parameter values (5_T; ; ..., f_T, ) would also be compar-
able between sites.

To account for variations of the key controls for water quality temporal variability across sites, we used a hier-
archical model structure which allows site-specific parameter values that describe the effects of each tem-
poral variables (8_T;; ..., _T,;). A Bayesian approach is selected for parameter estimation (calibration)
due to its high capacity for resolving complex model structures (e.g., Borsuk et al.,, 2001, Obenour et al.,
2014). The Bayesian hierarchical model assumes that site-specific values of each temporal parameter f_T,, ;
are from a common prior distribution defined by parameters referred to as hyperparameters. During the
model calibration, increasing numbers of samples are drawn, which allows the prior distribution to gradually
converge into the corresponding posterior distribution that maximizes the likelihood of model fit. The
Bayesian hierarchical model enables us to model explainable processes as well as stochastic unexplainable
processes (Clark, 2005). Furthermore, such a hierarchical model structure can utilize time series data at multi-
ple locations to strengthen the site-specific temporal models (also known as borrowing strength; Webb &
King, 2009).

2.2. Data Collection and Preprocessing

Water quality data were extracted from the Victorian Water Quality Monitoring Network database
(Department of Environment, Land, Water and Planning Victoria, 2016). This database contains monthly
ambient water quality data measured at approximately 400 sites across the state of Victoria (Southeast
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Australia). These water quality data date back to 1990 for some sites. From this study we extracted monthly
water quality data sampled between 1994 and 2014 for 102 sites (Figure 1), which are the sites that contain
continuous monthly measurements for the longest consistent period. The choice of calibration data set was
influenced by two factors. First, to maximize the comparability of fitted coefficients between sites and to
avoid the possible influence of decadal state-wide climatic fluctuations, we chose to concentrate on sites
with good data availability. Second, to maximize both the record length and the number of sites included.
Together, this provides us with higher confidence in identifying large-scale patterns in water quality temporal
dynamics. The catchments corresponding to the water quality monitoring sites were identified using the
Geofabric tool (Bureau of Meteorology, 2012), with areas ranging from 5 to 16,000 km?.

The water quality constituents considered in this study were as follows: TSS, TP, FRP, TKN, nitrate-nitrite (NO,),
and EC. All water quality records that were flagged as potential errors or below the limits of reporting (LOR)
were removed from the data set. It is worth noting that although there are well-established approaches to
treat data below the LOR in water quality analyses (Helsel, 1990), we decided to remove these data. This is
because that in this study, we are primarily concerned with understanding they key factors contributing to
poor water quality (i.e., high constituent concentrations). Furthermore, data below the LOR (even the post-
treatment records) are unlikely to represent the true constituent concentrations and would thus affect the
accurate identification of temporal water quality variability.

To assist fitting of the linear relationship explaining temporal variation in water quality to observed data
(equation (3)), all constituent concentrations were Box-Cox transformed using the car package in R (Fox &
Weisber, 2011) to maximize symmetry in their distributions. For each constituent, the optimal Box-Cox para-
meter / was first identified using the concentration data at each site; the average 4 across all sites was then
used to transform the constituent at once. This transformation approach ensures that all sites were being
transformed using a consistent transformation parameter. The transformed water quality data were checked
visually for symmetry (Figure S1 in the supporting information).

Model explanatory variables for each catchment were compiled from streamflow monitoring and climate
data. Instantaneous flows (mm/day) and water temperature (°C) for each of the 102 sites between 1994
and 2014 were also extracted from the Water Quality Monitoring Network database. In addition, we used
gridded weather data and normalized difference vegetation index (NDVI) data to calculate the catchment
average daily rainfall (mm), daily evapotranspiration (ET; mm), daily average temperature (°C), daily root zone
(less than 1-m depth) and deep (more than 1-m depth) soil moisture (both as % of available water holding
capacity), and monthly NDVI (dimensionless; Table 1). The model does not consider the temporal impact
of land use explanatory variables (e.g., measures of agricultural activity), as the temporal resolution of avail-
able data did not match that of the water quality monitoring data.

2.3. Selection of Optimal Model Structures

2.3.1. Selection of Model Predictors

Temporal variations in the concentrations of individual constituents are assumed to be driven by different
combinations of temporal variables (T; to T, in equation (3)). Therefore, we performed an exhaustive explora-
tion of a large number of potential temporal predictors to identify the best combination of predictors for
each constituent.

The search started from a range of potential temporal predictors including conditions of streamflow, climate,
and land cover (Table 2). Temporal variability in constituent concentrations is largely a result of changes in (i)
the amount of the constituent in the catchment (i.e., source), (i) the amount of the constituent mobilized, and
(i) the amount of the constituent transported to receiving waters (Lintern et al., 2018). The amount of the
constituent in the catchment is influenced by seasonal changes in human activities (e.g., fertilizer application;
Hill, 1978; Houser & Richardson, 2010) and the amount of the constituent that has built up in the catchment
since the previous flow event (Arheimer & Lidén, 2000; Stutter et al., 2008). In addition, specifically for nutri-
ents, the rate and extent of vegetative uptake (Groffman et al., 2009; Mattsson et al., 2003) and transformation
due to microbial activity during the antecedent dry weather period can be important (Lloyd et al., 2016;
Robson, 2014). As such, hydroclimatic variables such as temperature and antecedent dry weather period
(represented by antecedent average streamflow, water and air temperature, rainfall, and preceding continu-
ous period of dry days) can influence temporal variability in stream water quality. In addition, variables such
as seasonality (represented by day of the year), vegetation cover (represented by NDVI), temperature, and soil
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Figure 1. Maps of study sites. 102 water quality monitoring sites and their catchment boundaries used for analysis. Inset shows location of the state of Victoria in

Australia.
moisture can be related to agricultural activities within the catchment (e.g., land clearing, cropping, and
fertilization), as well as nutrient uptake by plants and transformation by microbial processing.
Variations over time in constituent mobilization can be influenced by the amount of erosion due to rainfall
and runoff, particularly for sediments (Granger et al., 2010). The extent of erosion of particulates can be also
be affected by human activities (e.g., tillage; Skaggs et al., 1994), vegetation cover (Meybeck et al., 1989), soil
desiccation (Prosser et al., 2000), and mineralization of nutrients from soils (Arheimer & Lidén, 2000). As such
NDVI, soil moisture and temperature (both water and air) could be important predictors of
constituent mobilization.
Table 1
Sources for Climate and Land Cover Data
Data Source Grid size
Daily rainfall Australian Water Availability Project 5 km by 5 km
Daily average temperature (Raupach et al., 2009, 2012)
Available from http://www.csiro.au/awap;
http://www.bom.gov.au/jsp/awap/index.jsp
Daily actual ET Australian Water Resources Assessment 5 km by 5 km
Daily average root zone soil moisture (Frost et al., 2016)
Daily average deep soil moisture Available from http://www.bom.gov.au/
water/landscape
Monthly NDVI January 1994 to December 1999 Advanced Very High Resolution Radiometer 1 km by 1 km
product (Eidenshink, 1992)
Available from https://earthdata.nasa.gov/
January 2000 to December 2013 Moderate Resolution Imaging Spectroradiometer; 1 km by 1 km

MOD13A3 (NASA LP DAAC, 2017) Available from
https://earthdata.nasa.gov/

Note. ET = evapotranspiration; NDVI = normalized difference vegetation index.
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Table 2
Categories and Names of the 19 Potential Temporal Predictors for the Temporal Variation of Catchment Water Quality
Rainfall Streamflow Other same-day climate conditions Vegetation
Rainfall on the same day Streamflow on the same day Water temperature NDVI for the sampling month
Rainfall averaged over 1, 3,7, 14 Streamflow averaged over 1, 3, 7, 14, Air temperature

and 30 preceding days
Dry spell length in the past 14 days

and 30 preceding days
Evaporation
Root zone soil moisture
Deep soil moisture

Note. NDVI = normalized difference vegetation index.

Transport of the constituents to receiving waters is generally influenced by streamflow generation processes
(Lintern et al., 2018). Both particulate (e.g., TSS, TP, and TKN) and dissolved constituents (FRP and NO,) are
transported to receiving waters by surface flows. The dissolved constituents can also be transported by sub-
surface flows (Blanco et al., 2010; Mellander et al., 2015; Wood, 1977).

We included all predictors that represent instantaneous hydroclimatic conditions on the day of the water
quality measurement: streamflow, rainfall, water and air temperature, ET, and soil moisture. We also con-
sidered the average streamflow and rainfall over different preceding periods, namely, 1, 3, 7, 14, and
30 days, which were calculated from the corresponding daily data set. The effect of antecedent dry spells
was considered by counting the number of continuous dry days (daily rainfall = 0 mm) within the past
14 days. In addition, we also considered the vegetation cover with the monthly NDVI data. In all, a total
of 19 temporal predictors was considered as potential predictors for water quality temporal variability
(Table 2).

For each constituent, we explored all possible combinations (4,980,736 combinations) of these 19 potential
predictors, which is referred to as exhaustive search from now on (Guyon & Elisseeff, 2003; May et al., 2011).
Specifically, for each constituent, a linear regression was built between water quality temporal variability
and each possible combination of temporal predictors (equation (3)). Considering the intensive computa-
tional requirement, for each combination of predictors, we fitted 102 site-specific linear regressions for water
quality temporal variation instead of a full hierarchical model. Considering the variability of coefficients for
each predictor across sites, identification of the key predictors cannot be done through conventional signifi-
cance tests on individual predictors across all study catchments. Instead, we used the Bayesian information
criterion (BIC) to summarize model performance and complexity and thereby select the best common
set of predictors across all catchments (Burnham & Anderson, 2007; Saft et al, 2016; Schwarz, 1978).
Specifically, for each site we first calculated the BIC scores for the different linear regressions fitted to all pos-
sible combinations of predictors and identified the best predictor set for that site, which led to the lowest BIC
score. This approach allowed us to convert the absolute BIC scores for all possible predictor sets to differences
to the lowest BIC (i.e., ABIC) at each site, which represents the distance from the best model at each site. As
such, we were then able to average the ABIC scores for each possible predictor set across sites, and then
to select the best predictor set based on the lowest average ABIC across sites.

It is worth noting that the data of the above-mentioned temporal predictors were highly skewed and rela-
tionships between untransformed variables were nonlinear; hence, transformations were used to satisfy
the linearity assumption in the temporal variability model (equation (3)). To resolve this, before fitting the lin-
ear models we transformed each predictor using the Box-Cox transformation within the car package in R (Fox
& Weisber, 2011), in a similar way to the transformation of the constituent concentrations (section 2.2). The
symmetry of the transformed data for each temporal variable was checked visually (Figure S2 in the
supporting information).

To account for any additional seasonal patterns in catchment water quality that are independent of these
hydroclimatic and vegetation effects, we considered day of the year for all the dates of measurement for each
constituent (i.e., day of the year J, 1 < J < 366) as additional predictors to the temporal predicators for each
constituent. Considering the seasonal effects was not part of the exhaustive search, but after the best perform-
ing models had been determined from the exhaustive searches. This is due to the potentially high cross
correlations between measurement dates and hydroclimatic and vegetation conditions. Specifically, the
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sine and cosine of the day of the year of all measurement dates were calculated, which can together define a
sinusoidal function to describe seasonality as equation (4):

. (2r) 27 . (2r)

a sin (%) + b cos (%) = A sin (ﬁ + P) (4)
where a and b are coefficients, with the phase shift and amplitude of seasonal variation defined by P and A,
respectively. With inclusion of both the seasonality predictors (transformed and standardized as per other
predictors), the average ABIC value was calculated again for each constituent, which was then compared with
the average ABIC for the functions containing only the temporal predictors selected from the exhaustive
search. This additional analysis for seasonal effects informs whether additional seasonality effects can
improve the model fit without adding unnecessary complexity (for which the additional day of the year pre-
dictors will lead to a decrease in ABIC) and, thus, whether the seasonality predictors should be included in the
model in addition to the selected temporal predictors.
2.3.2. Estimation of Model Parameters
Following the identification of the best set of predictors for each constituent, the temporal component of the
spatiotemporal model (equation (3)) was fitted across all monitoring sites for each constituent, within a
Bayesian hierarchical structure. To achieve this, we used the R package rstan (Stan Development Team,
2018), which enables both the sampling of parameter values from prior distributions with Markov chain
Monte Carlo and model evaluation. It is worth noting that prior to model calibration for each constituent,
the data of all predictors were standardized. In this way, the calibrated parameter values are indicative of
the relative importance of effects of those temporal predictors.

Constituent standard deviation () was assumed to be drawn from a minimally informative zero-truncated
normal distribution with mean of 0 and standard deviation of 10 (Gelman, 2006; Stan Development Team,
2018). The site-level regression coefficients of the climate predictors (8_T;; f_T5; ..., f_Tp; in equation (3))
were assumed to be drawn from the corresponding hyperparameter normal distribution with means of u.f
_Ty, upB_Ts ..., w.B_T, and standard deviations of ¢.8_T;, 6.6_T5, ..., 0.5_T,. These hyperparameters were
further assumed to be drawn from minimally informative normal distributions with means of 0 and standard
deviations of 5 (for the means) and minimally informative zero-truncated normal distribution with mean of 0
and standard deviation of 10 (for the standard deviations).

In each model run there were three independent Markov chains. A burn-in of 1000 iterations and total itera-
tions of 2,000 were used for each chain. Convergence of the chains was checked using the Rhat value (Sturtz
et al,, 2005). We assessed the model fit using the Nash-Sutcliffe coefficient (NSE; Nash & Sutcliffe, 1970) as per
Obenour et al. (2014).

2.4. Analyses of Model Outputs

2.4.1. Assessment of Model Performance

We first assessed the performance of the calibrated models by the fit of the temporal variability component
of each constituent (i.e., Ajin equation (3)) across all 102 sites and calculated a NSE (Nash & Sutcliffe, 1970) for
all data. The site-specific NSE values were also calculated to assess how model performance varies with site.
As an alternative way of assessing the model fit, we also compared the observed and simulated concentra-
tion of each constituent, which is obtained by adding the observed site-level mean concertation to both
the fitted and observed temporal variability component (i.e., yielding u; in equation (2)). Inclusion of the
site-level mean concentration informs the impact of the temporal model performance on the concentration
of each constituent. Lastly, the model residuals were checked for normality, to inform the sufficiency of the
linear model structure.

2.4.2. Assessment of Key Factors Driving Temporal Water Quality Variability

To assess the importance of the key factors that explain temporal variability in water quality across the 102
sites, for each constituent we investigated the calibrated regression coefficients for each predictor variable
within the temporal variability model (i.e,, eff. Ty, ; to eff. T, ; in equation (3)), for their magnitudes and con-
sistency across sites. To further understand the relative importance of those key driving factors of temporal
variability, we also compared the temporal variability model of each constituent with an additional model,
which was fitted between water quality temporal variability and only the most important predictor for
each constituent.
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3. Results

3.1. Model Performance

Temporal variability in water quality remains largely unexplained by temporal changes in climate, stream-
flow, and vegetation cover (Figure 2). Among all of the constituents, we have the highest predictive power
for the NO, model, with a NSE of 0.49. While temporal variability explained by the models is relatively small
when considering all sites together (Figure 2), the site-specific NSEs show that performance varies across
sites, with up to 80% temporal variation explained for NO, and EC at some sites (Figure 3).

Although the models had relatively low NSEs for the prediction of temporal variability in water quality, model
fitting for the true constituent concentrations (i.e., when the observed site-level mean is added to the mod-
eled temporal variability to simulate u;; in equation (2)) was generally satisfactory. This is evidenced with NSE
values exceeding 0.53 (Figure 4), suggesting that with known site-level mean concentration for each consti-
tuent, the models can explain more than half of the observed spatiotemporal variability. The comparison
between Figure 4 and Figure 2 suggests that NO, is the only constituent for which temporal predictors
can explain a substantial proportion of the spatiotemporal variability (NSE = 0.486 for temporal variability
compared with NSE = 0.703 for true concentration). However, for the remaining constituents, the majority
of spatiotemporal variability can be explained by the site-level mean constituent concentrations, since the
low NSEs in fitting the temporal variability component (ranging between 0.135 and 0.33) substantially
improve when considering the concentration instead (ranging between 0.536 and 0.883).

Analyses of residuals of the temporal variability models suggested that there is no clear trend in the residuals
over time (Figure S3 in the supporting information). The residuals also do not appear to follow the temporal
trend in observed concentrations (Figure S4 in the supporting information). In addition, these residuals are
not correlated with any of the key temporal predictors—streamflow, water temperature and deep soil moist-
ure (Figure S5 in the supporting information).

3.2. Key Driving Factors of Temporal Water Quality Variability and Their Effects

Results of the exhaustive search for model predictors suggested that streamflow (both on the same-day and
over preceding days), water temperature, and soil moisture were important predictors for all constituents.
Vegetation cover (as represented by the NDVI) is influential only for nitrogen species. Rainfall variables (both
on the same-day and over preceding days), air temperature, and ET were not key predictors for any constitu-
ent (Table 3). In addition, when seasonality (sine and cosine of the day of the year) was added to the six best
sets of predictors, all the ABIC values increased, suggesting that considering seasonality effects in addition to
hydroclimate and vegetation conditions cannot provide a substantial improvement in model performance to
compensate the increase in model complexity. Thus, we did not include these seasonality predictors in
our models.

Figure 5 presents the effects of the important temporal predictors for each of the six constituents, as the
regression coefficients for each predictor (8_T;, f_T, ..., f_T,;in equation (3)). Note that since we allowed
the values of each coefficient to vary across sites (as detailed in section 2.1), each box in Figure 5 is used to
represent the variability across all 102 sites and does not relate to statistical significance at any particular site.
As all variables were standardized, the overall magnitudes of the effects are indicative of the relative impor-
tance of the temporal parameters in the model. It is clear that same-day streamflow is the most influential
predictor of temporal changes in water quality for all constituents. The key role of instantaneous streamflow
is in line with many studies that have modeled water quality changes as a function of streamflow (e.g.,
Sharpley et al., 2002; Wood, 1977). We provide some more in-depth discussion on the effects of each tem-
poral variable, as well as the possible physical processes that they inform in section 4.1.

Using only streamflow as a predictor of water quality leads to NSEs of 0.06 (TSS) to 0.31 (EC; Table 4). In com-
parison, inclusion of other hydroclimatic predictors in the models (i.e., the full temporal variability models,
with NSEs shown in Figure 2) leads to overall improvement in the model performance, ranging from 29%
(EC) to 232% (TP) increase in NSE. The greatest increase in model performance is seen for TP (232%) and
TKN (177%). The improvements in model performance from including variables other than streamflow
may indicate a direct causal effect of these variables or that they are surrogates for other important (but
unobserved) driving processes.
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Figure 2. Performance of the Bayesian hierarchical models for the temporal variability of the six constituents across 102 sites, represented by the simulated and
observed temporal variations across all sites, away from the corresponding site means. Darker regions represent denser distribution of values of simulations and
observations. The Nash-Sutcliffe coefficients for each constituent are also shown. Dashed red lines represent the 1:1 lines. TKN = total Kjeldahl nitrogen; NSE = Nash-
Sutcliffe coefficient; FRP = filterable reactive phosphorus; TP = total phosphorus; TSS = total suspended solid; EC = electrical conductivity.

4, Discussion

Section 3.2 presents the effects of the key temporal variables that affect temporal variability in catchment
water quality, which we obtained using long-term monitoring data with a Bayesian hierarchical model. We
concluded that streamflow is the most important control on temporal variability. In this section we provide
a more in-depth discussion on the effects of streamflow, as well as other important factors for temporal varia-
bility, and suggest some possible physical processes that are related to these key factors (section 4.1). Further
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to these understandings, we discuss how the key findings and experiences
from this modeling exercise can inform future analyses and sampling that
can help catchment water quality management, these include (a) design
of predictive models for catchment water quality (section 4.2) and (b)
design of more efficient sampling strategies (section 4.3).

4.1. Key Factors and Processes that Drive Temporal Variability in
Water Quality

!
i
i 4 Streamflow. For all constituents, the effect of same-day streamflow is the

T
TSS

Figure 3. Distribution of the Nash-Sutcliffe coefficients at individual sites, for
the six constituents. TSS = total suspended solid; TP = total phosphorus;

TP

| F..............-.....+

T T largest in magnitude. For most constituents (TSS, TP, FRP, TKN, and NO,
TKN NOx EC in Figures 5a-5e), same-day streamflow has a positive impact on water
quality at most locations (i.e., leading to increasing concentrations).
These highlight the key role of surface flow in driving the temporal varia-

FRP = filterable reactive phosphorus; TKN = total Kjeldahl nitrogen; bility of sediments and nutrients and also indicate higher importance of

EC = electrical conductivity.

the mobilization and delivery processes (for which constituent increases

with streamflow) compared with dilution (for which constituent decreases
with streamflow). Some potential pathways via which increasing streamflow can enhance the delivery of
sediments and nutrients include (1) higher streamflow being able to transport more constituents to streams
(Ahearn et al., 2004; Mellander et al., 2015) and (2) increased erosive power of greater streamflow, which can
mobilize sediments and adsorbed nutrients in the catchment and/or channels (Donohue et al., 2005; Drewry
et al.,, 2006).

For EC on the other hand, there is a negative effect of flow on EC (Figure 5f) at most sites. This relationship can
be explained by the fact that salts (i.e., general ions) are generally transported to receiving streams through
subsurface flows, so that when streams are dominated by subsurface flow contributions during dry periods,
the concentrations in streams are likely to increase (Ahearn et al., 2004; Trowbridge et al., 2010). During wet
periods on the other hand, the finite supply of salts, which are being transported to receiving streams by sub-
surface flows, is diluted by surface runoff containing lower salt levels (Vaze et al.,, 2004). It is worth noting that
approximately 10% of sites exhibit positive relationships between EC and streamflow (Figure 5f). It is possible
that these relationships are a result of the long-term changes in streamflow that have occurred at some sites
due to the Millennium Drought throughout southeastern Australia between 1997 and 2009 (Saft et al., 2015).
The decreasing trend in streamflow during the drought leads to more frequent low flow conditions, which
might be influencing the relationship between EC and streamflow to become more positive.

Antecedent streamflow. Antecedent streamflow (7, 14, and 30 days) was the second most important predictor
for most constituents. At most sites, TSS, TP, TKN, and EC are affected negatively by the antecedent stream-
flow (Figures 5a, 5b, 5d, and 5f). This suggests that during prolonged high flow periods, the concentrations of
TSS, TP, TKN, and EC decrease, possibly due to the dilution of an existing supply of these constituents in the
catchment (Warner et al., 2009), while supply builds up in the catchment during dry periods.

NO, has positive regression coefficients for antecedent streamflow (30 days) at about half of all sites
(Figure 5e). This relationship indicates increased NO, concentrations following wet periods at these sites.
NO, can be transported to receiving streams by subsurface flows, especially along shallow pathways that
leach nitrate from the soil profile. These shallow pathways are activated during wet conditions (Saffarpour
et al., 2016). Indeed, increased leaching of nitrate to receiving waters through subsurface flows has been
identified after wet years (Aubert et al., 2013; Bende-Michl et al.,, 2013).

Soil moisture. Soil moisture in the deep soil is important for all constituents, and soil moisture in the root zone
is important for all constituents except FRP (Figures 5a, 5b, and 5d-5f). The importance of soil moisture is
possibly a result of (i) the fact that it can affect the proportion of rainfall that is converted to surface runoff
(Jiang et al., 2014), (ii) the activation of shallow subsurface pathways, and (iii) its influence on vegetation
growth (and nutrient uptake) and the rate of soil erosion (Wood, 1977). Soil moisture can also govern the level
of microbial activity and nutrient processing occurring in the soil (Arheimer & Lidén, 2000; Christopher
et al.,, 2008).

However, the effect of soil moisture on water quality varies between constituents. For TSS and EC, the median
effect of root zone and deep soil moisture is approximately 0 but ranges from negative at some sites to

GUO ET AL.

10



Ar |

~d
100 Water Resources Research 10.1029/2018WR023370
TSS, NSE = 0.536 TP ,NSE = 0.715
20 i
" 2
- count 151 count
g’ 'l 250 g’ i 400
527 (B 200 % £t
3 : Eigg w0 9107 300
3 £ 3 { 200
a g ) A
£ 9] 4 50 £ .| o 100
2] 0~
2 0 2 0 5 10 15 20
Obs (Box-Cox mg/L) Obs (Box-Cox mg/L)
FRP , NSE = 0.548 TKN, NSE = 0.82
901 o count T8 count
£ i 4 £ ~ 250
3 St 3 2 200
(_)>'<60- i §¢ $ 200 0*4« ’ 150
) 7| 100 @ *’ 100
£ 30+ < £ l 50
(7] a | |
(O R .
0 30 80 90 0 4 8
Obs (Box-Cox mg/L) Obs (Box-Cox mg/L)
NOx , NSE = 0.703 EC, NSE = 0.883
H3 | // I/
J8- y count £ ’/ count
(=) -~
E z. 7]
3 b g 2 = 1000
o (8]
% 4] ,;{ 100 % .
o % '5;" 5 g1_ 2" = = 500
E . E
» »
" #
oo 0=t

T

8

0 1

2

Obs (Box-Cox mg/L) Obs (Box-Cox us/cm)

Figure 4. Performance of the Bayesian hierarchical models for the temporal variability of the six constituents across 102 sites, represented by the simulated and
observed true concentration across all sites. These simulated true concentrations were obtained by adding the observed site-mean concentrations to the simu-
lated temporal variability. Darker regions represent denser cluster of points. The Nash-Sutcliffe coefficients (NSEs) for each constituent are also shown. Dashed red
lines represent the 1:1 lines. TSS = total suspended solid; TP = total phosphorus; FRP = filterable reactive phosphorus; TKN = total Kjeldahl nitrogen; EC = electrical
conductivity.

positive at others (Figures 2a and 2f). For the nutrients for most sites (except FRP; Figures 2b, 2d, and 2e),
there is a positive effect of root soil moisture on nutrient concentrations and a negative effect of deep soil
moisture on water quality. Higher root soil moisture could lead to higher nutrient concentrations at most
sites because of the greater surface and shallow subsurface runoff that is produced when the root zone
soil moisture is high.
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Table 3

Temporal Predictors Selected for the Bayesian Hierarchical Modeling of Each Constituent, From an Exhaustive Search Based on ABIC (Highlighted Cells)

Rain preceding day(s)

wQ

1

3

7

14

30

Drysp

Flow preceding day(s)

14d

0

1

3

7

14

30

NDVI

1SS
™
FRP
TKN
NO,
EC

Water
T

Air
T

ET

SM
root

SM
deep

Note. BIC = Bayesian information criterion; WQ = water quality; NDVI = normalized difference vegetation index; ET = evapotranspiration; SM = soil moisture;
TSS = total suspended solid; TP = total phosphorus; FRP = filterable reactive phosphorus; TKN = total Kjeldahl nitrogen; EC = electrical conductivity.

TSS_shift = f(Q same day, Q last 7d, Water Temp, SM root, SM deep)

TP_shift = f(Q same day, Q last 30d, Water Temp, SM root, SM deep)
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Figure 5. Effects of hydroclimatic predictors on the temporal variability of each constituent across 102 sites, summarized by the posterior mean of the calibrated
parameter values for each predictor. Y axis shows the effect as the number of standard deviations away from site mean, as per equation (3). Note that only pre-
dictors identified for at least one constituent during the selection of predictors are shown on the X axis. TSS = total suspended solid; SM = soil moisture; TP = total
phosphorus; FRP = filterable reactive phosphorus; TKN = total Kjeldahl nitrogen; NDVI = normalized difference vegetation index; EC = electrical conductivity.
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Table 4

Comparison Between Model Performance Between Using (i) the Most Important
Predictor (Streamflow-Only Models) and (i) All of the Important Predictors

(Full Models)
NSE streamflow-only NSE full NSE

Constituent models models improvement
TSS 0.15 0.26 70%

TP 0.08 0.26 232%
FRP 0.06 0.14 107%
TKN 0.12 0.33 177%
NOy 0.31 0.49 57%

EC 0.25 0.32 29%

Note. Model performance is summarized by Nash-Sutcliffe coefficients (NSEs) in
fitting the temporal variability in water quality (see Figure 2 for those for the full
models). TSS = total suspended solid; TP = total phosphorus; FRP = filterable

NDVI. The negative regression coefficients for the effect of NDVI on
TKN and NO, (Figures 5d and 5e) suggest that greater vegetation
cover results in lower concentration of nitrogen species. This overall
negative relationship could be due to uptake of nitrogen by plants
during the growth season (Arheimer & Lidén, 2000). However, the fact
that vegetation cover is not an important predictor for phosphorus
suggests that nitrogen species may be more influenced by plant
uptake than phosphorus species. It was expected that NDVI would
be important in influencing the extent of erosion in the catchment
and would therefore influence the trends in the particulate com-
pounds such as TSS and TP. However, NDVI does not show as a key
predictor for either TSS or TP (Figures 2a and 2b), which may indicate
that vegetation is not as important as other factors in influencing the
mobilization and transport of particulates from the catchment into

reactive phosphorus; TKN = total Kjeldahl nitrogen; EC = electrical conductivity. . .
receiving waters. However, the capacity of NDVI to accurately reflect

temporal changes in vegetation cover might also be limited by factors
like sensor resolutions and data noise (Pettorelli et al., 2005).

Temperature. Water temperature was an important predictor for all constituents, which has positive effects at
most sites on TSS, TP, FRP, and TKN (Figures 5a—5d). This positive relationship could result from the cross cor-
relation between air and water temperature across both space and time (Figure S3), and warmer periods are
likely associated with greater concentrations of sediments and nutrients due to the enhancement of the
source and mobilization processes: (1) soil desiccation and greater soil erodibility (Wood, 1977), (2) agricul-
tural activities that can occur during warmer periods such as tillage, or (3) lower plant canopy cover in drier
and warmer months.

Warmer periods are also correlated with periods with lower rainfall and streamflow. So another possible
explanation of the positive temperature effects is that the lower surface flow in warmer periods reduces dilu-
tion of sediments and nutrients in streams (Houser & Richardson, 2010; Miller et al., 2014; Mulholland, 2004).
However, this is less likely as our previous results suggest a relatively minor role of these dilution effects com-
pared with flushing and erosion caused by surface flow (section Streamflow).

On the other hand, water temperature had negative effects on NO, and EC at most sites (Figures 5e and 5f).
This negative relationship could be because NO, and EC transport to streams can be dominated by subsur-
face flows. There may be a buildup of groundwater with high salinity and high NO, concentrations in summer
months and flushing in winter months (e.g., Costelloe et al., 2009). It is also possible that when there are
higher water temperatures, denitrification processes (both in soil and water) are enhanced due to increased
reaction kinetics under higher temperatures (Whitehead et al., 2009).

Summary and management implications. It is important to note that the key predictors for temporal variability
in water quality (Table 3 and section 3.2) are identified based on only statistical results (BIC). The BIC aims to
maximize model performance while minimizing the number of model parameters. An unselected predictor
does not necessarily mean that the predictor represents a process that is not important. It could be due to
(i) cross correlations between the temporal predictors or (i) the particular predictor being a poor surrogate
for a process. As an example, air temperature was not recognized as an important predictor, possibly due
to its high correlation with water temperature (Figure S6 in the supporting information), which has more
direct influences on nutrient processing in streams (Roberts & Mulholland, 2007). Similarly, rainfall was not
identified as a key predictor of temporal variability in water quality. This could be due to the strong cross
correlation between rainfall and streamflow, or could be indicating that runoff is a stronger surrogate of
the constituent mobilization and transport process.

Nevertheless, identifying the key predictors for temporal variability in riverine constituent concentrations
provides valuable information for catchment management. For example, these understandings can
inform whether specific constituent concentrations are expected to increase or decrease over time, based
on seasonality of the driving hydrologic, climatic, and vegetation conditions; these can also assist in iden-
tifying critical seasons and/or longer periods for which management actions should be taken. In some

GUO ET AL. 13



~1
AGU

100

ADVANCING EARTH
'AND SPACE SCiENCE

Water Resources Research 10.1029/2018WR023370

situations, it may not be practical to obtain data for all the key temporal predictors that we considered in
our models (e.g., due to additional cost and labor efforts). In these cases, a potential alternative is to use
only the data for the most important driving factor for temporal variability, that is, streamflow, with a
sacrifice of predictive power compared with models that use all the key temporal predictors (Table 4 and
section 3.2).

4.2, Future Development Toward a Predictive Fully Integrated Spatiotemporal Model

For many of the constituents, only a small proportion of the temporal variability in water quality is explained
by these hierarchical models. However, once combined with observed spatial variability (i.e., site mean con-
centrations), these temporal variability models can assist in explaining the majority of spatiotemporal varia-
bility (Figure 4). This improvement in model performance suggests that the hierarchical models used for
exploring temporal variability in this study could be adapted into a fully integrated predictive model for spa-
tiotemporal variability in riverine constituent concentrations. A previous study which focused on the same
region and the same set of water quality constituents as this study has identified the key controls for spatial
variability (Lintern et al., 2018). Different catchment characteristics, including climate, hydrology, geology,
topography, and land use, were identified as important controls for spatial water quality variability. These
key spatial controls can be combined with the key temporal controls identified in this study, to inform the
design of an integrated spatiotemporal water quality model, which allows prediction across both time
and space.

A key remaining task required for developing the spatiotemporal predictive model is the ability to predict the
site-specific effects of key temporal predictors. Our results clearly illustrate a wide range in relationships
between water quality temporal variability and its key predictors across catchments. For example, Figure 5
shows that, while the majority of catchments exhibit positive effects of streamflow on the concentrations
of all six constituents (i.e., increase in concentrations with flow), there were negative effects for 0.98% (TSS)
to 19.6% (NO,) of catchments. In some cases, this could be due to outliers, which might explain why where
only 1% of catchments show negative streamflow effects for TSS. However, there is still large variability in the
temporal effects across catchments (e.g., effects of antecedent streamflow and soil moisture). Further inves-
tigations are required to identify the key driving factors of the spatial variability of these temporal relation-
ships across catchments.

4.3. Recommendations for Future Monitoring of Water Quality Predictors and Responses

This research illustrates the value of using collected data to understand the key factors and possible pro-
cesses that can affect catchment behaviors over time. In the current model, temporal variation in water qual-
ity is represented by monthly monitoring data of sediments, nutrients, and salts. The representation and
understanding of these temporal variabilities can be potentially strengthened by utilizing data with higher
temporal resolution. Alternatively, high-frequency sampling of proxy data could also be utilized to enhance
the learning from existing monthly samples. For examples, continuous monitoring data of EC and turbidity
can be good proxies for salts and sediments and are readily available from state agencies, such as the
Victorian Water Quality Monitoring Network database (Department of Environment, Land, Water and
Planning Victoria, 2016) and the NSW Water Information database (NSW Government, 2018).

The modeling approach in this study highlights the potential to extend this data-driven approach to improve
understanding of other riverine pollutants, such as toxicants (e.g., heavy metals) and other emerging chemi-
cals (e.g., pesticides) that can have substantial impacts on the aquatic systems and human health (Barceld,
2007; Lippmann, 2000). However, these investigations are currently limited by data availability for toxicants
and emerging pollutants. Existing data sets are generally highly localized with diverse focus on different pol-
lutants (Department of Primary Industries, 2016; Environment Protection Authority Victoria, 2013, 2015),
which makes it difficult to obtain an understanding across larger scales. The scarcity of data on toxicants
and emerging chemicals identifies an important gap in the monitoring of riverine water quality.

As a limitation of this study, the temporal variability model does not consider the temporal changes in land
use management (e.g., seasonality in agricultural activity, the amount and timing of fertilizer regimes, and use
of crop rotations) as predictors of water quality. This is due to the lack of data available for capturing land use
management. However, changes in these land use management practices can lead to increases in the
sources of pollutants as well as changes to surface and subsurface runoff generation processes (e.g.,
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DeFries & Eshleman, 2004; Tang et al., 2005). Therefore, further improvements on the temporal model perfor-
mance is likely warranted by improved capacities in monitoring of temporal patterns in land use manage-
ment. A good example is the monitoring of adaptation for improved management practices in the
agricultural areas within the Great Barrier Reef region, to minimize sediments and nutrients inputs to the mar-
ine ecosystems (Queensland Government, 2016; Star et al., 2015).

5. Conclusions

We lack understanding of the drivers of temporal variability in water quality across large spatial scales.
Therefore, this study aims to improve the understanding of the key factors and controls that drive the tem-
poral variability in riverine water quality, with long-term data set over 102 catchments in Australia. To achieve
this, Bayesian hierarchical models were developed for six water quality constituents including sediments,
nutrients, and salts. Using the modeling results, we not only identified the key predictors that could be used
to explain temporal variability in riverine water quality but also demonstrated that the influence of these pre-
dictors on water quality can be site specific. Catchment managers should consider this site specificity of the
relationship between hydroclimatic variables and temporal variability in water quality, and to identify those
site-specific critical time periods and spatial variables to inform further detailed investigations and/or
investment priorities.

Overall, we find that same-day streamflow has the greatest effect on water quality temporal variability for all
constituents. Additional important predictors include soil moisture, antecedent streamflow, vegetation cover,
and water temperature. This understanding of the key controls of temporal water quality variability can
inform the design of a fully integrated, predictive spatiotemporal model. Such a model could assist catch-
ment managers in designing and identifying key site-specific and regional management strategies, particu-
larly for riverine systems with elevated constituent levels.

References

Abbaspour, K. C, Rouholahnejad, E., Vaghefi, S., Srinivasan, R, Yang, H., & Klgve, B. (2015). A continental-scale hydrology and water quality
model for Europe: Calibration and uncertainty of a high-resolution large-scale SWAT model. Journal of Hydrology, 524, 733-752. https://
doi.org/10.1016/j.jhydrol.2015.03.027

Ahearn, D. S, Sheibley, R. W., Dahlgren, R. A,, & Keller, K. E. (2004). Temporal dynamics of stream water chemistry in the last free-flowing river
draining the western Sierra Nevada, California. Journal of Hydrology, 295(1-4), 47-63. https://doi.org/10.1016/j,jhydrol.2004.02.016

Ai, L., Shi, Z. H,, Yin, W., & Huang, X. (2015). Spatial and seasonal patterns in stream water contamination across mountainous watersheds:
Linkage with landscape characteristics. Journal of Hydrology, 523, 398-408. https://doi.org/10.1016/j.jhydrol.2015.01.082

Argent, R. M., Perraud, J. M., Rahman, J. M., Grayson, R. B., & Podger, G. M. (2009). A new approach to water quality modelling and
environmental decision support systems. Environmental Modelling & Software, 24(7), 809-818. https://doi.org/10.1016/j.
envsoft.2008.12.010

Arheimer, B., & Lidén, R. (2000). Nitrogen and phosphorus concentrations from agricultural catchments—Influence of spatial and temporal
variables. Journal of Hydrology, 227(1-4), 140-159. https://doi.org/10.1016/50022-1694(99)00177-8

Arnold, J. G., & Fohrer, N. (2005). SWAT2000: Current capabilities and research opportunities in applied watershed modelling. Hydrological
Processes, 19(3), 563-572. https://doi.org/10.1002/hyp.5611

Aubert, A. H., Gascuel-Odoux, C., & Merot, P. (2013). Annual hysteresis of water quality: A method to analyse the effect of intra- and inter-
annual climatic conditions. Journal of Hydrology, 478, 29-39. https://doi.org/10.1016/j,jhydrol.2012.11.027

Barceld, D. (2007). Effect-directed analysis of key toxicants in European River basins. A review (9 pp). Environmental Science and Pollution
Research International, 14(1), 30-38. https://doi.org/10.1065/espr2006.08.329

Bende-Michl, U., Verburg, K., & Cresswell, H. P. (2013). High-frequency nutrient monitoring to infer seasonal patterns in catchment source
availability, mobilisation and delivery. Environmental Monitoring and Assessment, 185(11), 9191-9219. https://doi.org/10.1007/s10661-
013-3246-8

Bengrdine, K., & Marhaba, T. F. (2003). Using principal component analysis to monitor spatial and temporal changes in water quality. Journal
of Hazardous Materials, 100(1-3), 179-195. https://doi.org/10.1016/50304-3894(03)00104-3

Blanco, A. C,, Nadaoka, K., Yamamoto, T., & Kinjo, K. (2010). Dynamic evolution of nutrient discharge under stormflow and baseflow condi-
tions in a coastal agricultural watershed in Ishigaki Island, Okinawa, Japan. Hydrological Processes, 24, 2601-2616. https://doi.org/10.1002/
hyp.7685

Borsuk, M. E., Higdon, D., Stow, C. A., & Reckhow, K. H. (2001). A Bayesian hierarchical model to predict benthic oxygen demand from organic
matter loading in estuaries and coastal zones. Ecological Modelling, 143(3), 165-181. https://doi.org/10.1016/50304-3800(01)00328-3

Boskidis, I., Gikas, G. D., Pisinaras, V., & Tsihrintzis, V. A. (2010). Spatial and temporal changes of water quality, and SWAT modeling of Vosvozis
river basin, North Greece. Journal of Environmental Science and Health, Part A, 45(11), 1421-1440. https://doi.org/10.1080/
10934529.2010.500936

Bureau of Meteorology (2012). Geofabric V2 [WWW Document]. Retrieved from ftp://ftp.bom.gov.au/anon/home/geofabric/, (accessed
9.21.16).

Burnham, K. P., & Anderson, D. R. (2007). Model selection and multimodel inference: A practical information-theoretic approach. New York:
Springer.

Clark, J. S. (2005). Why environmental scientists are becoming Bayesians. Ecology Letters, 8, 2-14.

GUO ET AL.


https://doi.org/10.1016/j.jhydrol.2015.03.027
https://doi.org/10.1016/j.jhydrol.2015.03.027
https://doi.org/10.1016/j.jhydrol.2004.02.016
https://doi.org/10.1016/j.jhydrol.2015.01.082
https://doi.org/10.1016/j.envsoft.2008.12.010
https://doi.org/10.1016/j.envsoft.2008.12.010
https://doi.org/10.1016/S0022-1694(99)00177-8
https://doi.org/10.1002/hyp.5611
https://doi.org/10.1016/j.jhydrol.2012.11.027
https://doi.org/10.1065/espr2006.08.329
https://doi.org/10.1007/s10661-013-3246-8
https://doi.org/10.1007/s10661-013-3246-8
https://doi.org/10.1016/S0304-3894(03)00104-3
https://doi.org/10.1002/hyp.7685
https://doi.org/10.1002/hyp.7685
https://doi.org/10.1016/S0304-3800(01)00328-3
https://doi.org/10.1080/10934529.2010.500936
https://doi.org/10.1080/10934529.2010.500936
ftp://ftp.bom.gov.au/anon/home/geofabric/
http://data.water.vic.gov.au/monitoring.htm
http://data.water.vic.gov.au/monitoring.htm

~1
AGU

100

ADVANCING EARTH
'AND SPACE SCiENCE

Water Resources Research 10.1029/2018WR023370

Chang, H. (2005). Spatial and temporal variations of water quality in the Han River and its tributaries, Seoul, Korea, 1993-2002. Water, Air, and
Soil Pollution, 161(1-4), 267-284. https://doi.org/10.1007/511270-005-4286-7

Chang, H. (2008). Spatial analysis of water quality trends in the Han River basin, South Korea. Water Research, 42(13), 3285-3304. https://doi.
org/10.1016/j.watres.2008.04.006

Christopher, S. F., Mitchell, M. J,, McHale, M. R., Boyer, E. W., Burns, D. A., & Kendall, C. (2008). Factors controlling nitrogen release
from two forested catchments with contrasting hydrochemical responses. Hydrological Processes, 22, 46-62. https://doi.org/10.1002/
hyp.6632

Costelloe, J. F., Irvine, E. C., Western, A. W., & Herczeg, A. L. (2009). Groundwater recharge and discharge dynamics in an arid-zone ephemeral
lake system, Australia. Limnology and Oceanography, 54, 86—100. https://doi.org/10.4319/10.2009.54.1.0086

DefFries, R., & Eshleman, K. N. (2004). Land-use change and hydrologic processes: A major focus for the future. Hydrological Processes, 18(11),
2183-2186. https://doi.org/10.1002/hyp.5584

Department of Environment, Land, Water and Planning Victoria (2016). Victorian water measurement information system. Retrieved from
http://data.water.vic.gov.au/monitoring.htm

Department of Primary Industries, Parks, Water and Environment Tasmania (2016). Pesticide monitoring. Retrieved from http://dpipwe.tas.
gov.au/agriculture/agvet-chemicals/pesticide-monitoring, (accessed 25.05.18).

Donohue, I, Styles, D., Coxon, C., & Irvine, K. (2005). Importance of spatial and temporal patterns for assessment of risk of diffuse nutrient
emissions to surface waters. Journal of Hydrology, 304(1-4), 183-192. https://doi.org/10.1016/j,jhydrol.2004.10.003

Drewry, J. J,, Newham, L. T. H., Greene, R. S. B., Jakeman, A. J.,, & Croke, B. F. W. (2006). A review of nitrogen and phosphorus export to
waterways: Context for catchment modelling. Marine and Freshwater Research, 57(8), 757-774. https://doi.org/10.1071/MF05166

Eidenshink, J. C. (1992). The 1990 Conterminous U.S. AVHRR Data Set. Photogrammetric Engineering and Remote Sensing, 58, 809-13.

Environment Protection Authority Victoria (2013). The origin, fate and dispersion Scientific Report of toxicants in the lower sections of the
Yarra River. Retrieved from https://www.epa.vic.gov.au/~/media/Publications/1529.pdf

Environment Protection Authority Victoria (2015). Monitoring Victoria’s waters. Retrieved from https://www.epa.vic.gov.au/your-environ-
ment/water/protecting-victorias-waters/monitoring-victorias-waters#yarra

Fox, J., & Weisber, S. (2011). An R companion to applied regression (2nd ed.). Thousand Oaks, CA: Sage.

Fraser, A. 1, Harrod, T. R, & Haygarth, P. M. (1999). The effect of rainfall intensity on soil erosion and particulate phosphorus transfer from
arable soils. Water Science and Technology, 39, 41-45.

Frost, A. J, Ramchurn, A., & Smith, A. (2016). The bureau’s operational AWRA landscape (AWRA-L) Model. Bureau of Meteorology Technical
Report.

Gelman, A. (2006). Prior distributions for variance parameters in hierarchical models (comment on article by Browne and Draper). Bayesian
Analysis, 1, 515-534. https://doi.org/10.1214/06-BA117A

Gelman, A, Carlin, J. B., Stern, H. S., Dunson, D. B., Vehtari, A., & Rubin, D. B. (2013). Bayesian data analysis (3rd ed.). New York: Taylor & Francis.

Granger, S. J., Bol, R, Anthony, S., Owens, P. N., White, S. M., & Haygarth, P. M. (2010). Chapter 3 - Towards a Holistic Classification of Diffuse
Agricultural Water Pollution from Intensively Managed Grasslands on Heavy Soils. In Advances in Agronomy (pp. 83-115). Academic Press.
https://doi.org/10.1016/50065-2113(10)05003-0

Groffman, P. M., Williams, C. O., Pouyat, R. V., Band, L. E., & Yesilonis, I. D. (2009). Nitrate Leaching and Nitrous Oxide Flux in Urban Forests and
Grasslands. Journal of Environmental Quality, 38. https://doi.org/10.2134/jeq2008.0521

Guyon, |, & Elisseeff, A. (2003). An introduction to variable and feature selection. Journal of Machine Learning Research, 3(Mar),
1157-1182.

Helsel, D. R. (1990). Less than obvious - statistical treatment of data below the detection limit. Environmental Science & Technology, 24(12),
1766-1774. https://doi.org/10.1021/es00082a001

Hill, A. R. (1978). Factors affecting the export of nitrate-nitrogen from drainage basins in southern Ontario. Water Research, 12, 1045-1057.
https://doi.org/10.1016/0043-1354(78)90050-7

Houser, J. N., & Richardson, W. B. (2010). Nitrogen and phosphorus in the Upper Mississippi River: Transport, processing, and effects on the
river ecosystem. Hydrobiologia, 640, 71-88. https://doi.org/10.1007/5s10750-009-0067-4

Hrachowitz, M., Benettin, P., van Breukelen, B. M., Fovet, O., Howden, N. J. K, Ruiz, L., et al. (2016). Transit times—The link between hydrology
and water quality at the catchment scale. Wiley Interdisciplinary Reviews Water, 3(5), 629-657. https://doi.org/10.1002/wat2.1155

Jiang, R, Hatano, R, Zhao, Y., Kuramochi, K., Hayakawa, A., Woli, K. P., & Shimizu, M. (2014). Factors controlling nitrogen and dissolved organic
carbon exports across timescales in two watersheds with different land uses. Hydrological Processes, 28, 5105-5121. https://doi.org/
10.1002/hyp.9996

Jiang, Y. (2009). China’s water scarcity. Journal of Environmental Management, 90, 3185-3196. https://doi.org/10.1016/jjenvman.2009.04.016

Kaushal, S. S., Mayer, P. M., Vidon, P. G., Smith, R. M., Pennino, M. J,, Newcomer, T. A, et al. (2014). Land use and climate variability amplify
carbon, nutrient, and contaminant pulses: A review with management implications. JAWRA Journal of the American Water Resources
Association, 50, 585-614. https://doi.org/10.1111/jawr.12204

Kisi, O., & Parmar, K. S. (2016). Application of least square support vector machine and multivariate adaptive regression spline models in long
term prediction of river water pollution. Journal of Hydrology, 534, 104-112. https://doi.org/10.1016/j.jhydrol.2015.12.014

Kurung, A., Yurekli, K., & Cevik, O. (2005). Performance of two stochastic approaches for forecasting water quality and streamflow data from
Yesilwrmak River, Turkey. Environmental Modelling & Software, 20(9), 1195-1200. https://doi.org/10.1016/j.envsoft.2004.11.001

Larned, S. T., Scarsbrook, M. R, Snelder, T. H., Norton, N. J,, & Biggs, B. J. F. (2004). Water quality in low-elevation streams and rivers of
New Zealand: Recent state and trends in contrasting land-cover classes. New Zealand Journal of Marine and Freshwater Research, 38,
347-366. https://doi.org/10.1080/00288330.2004.9517243

Lecce, S. A, Pease, P. P, Gares, P. A, & Wang, J. (2006). Seasonal controls on sediment delivery in a small coastal plain watershed, North
Carolina, USA. Geomorphology, 73, 246-260. https://doi.org/10.1016/j.geomorph.2005.05.017

Lintern, A, Webb, J. A, Ryu, D,, Liu, S., Waters, D., Leahy, P., et al. (2018). What are the key catchment characteristics affecting spatial dif-
ferences in riverine water quality? Water Resources Research, 54, 7252-7272. https://doi.org/10.1029/2017WR022172

Lippmann, M. (2000). Environmental toxicants: human exposures and their health effects. Hoboken, NJ: John Wiley & Sons.

Liu, C, Kroeze, C,, Hoekstra, A. Y., & Gerbens-Leenes, W. (2012). Past and future trends in grey water footprints of anthropogenic nitrogen and
phosphorus inputs to major world rivers. Ecological Indicators, 18, 42-49. https://doi.org/10.1016/j.ecolind.2011.10.005

Lloyd, C. E. M., Freer, J. E,, Johnes, P. J,, & Collins, A. L. (2016). Using hysteresis analysis of high-resolution water quality monitoring data,
including uncertainty, to infer controls on nutrient and sediment transfer in catchments. Science of the Total Environment, 543, 388-404.
https://doi.org/10.1016/j.scitotenv.2015.11.028

GUO ET AL.


https://doi.org/10.1007/s11270-005-4286-7
https://doi.org/10.1016/j.watres.2008.04.006
https://doi.org/10.1016/j.watres.2008.04.006
https://doi.org/10.1002/hyp.6632
https://doi.org/10.1002/hyp.6632
https://doi.org/10.4319/lo.2009.54.1.0086
https://doi.org/10.1002/hyp.5584
http://data.water.vic.gov.au/monitoring.htm
http://dpipwe.tas.gov.au/agriculture/agvet-chemicals/pesticide-monitoring
http://dpipwe.tas.gov.au/agriculture/agvet-chemicals/pesticide-monitoring
https://doi.org/10.1016/j.jhydrol.2004.10.003
https://doi.org/10.1071/MF05166
https://www.epa.vic.gov.au/~/media/Publications/1529.pdf
https://www.epa.vic.gov.au/your-environment/water/protecting-victorias-waters/monitoring-victorias-waters#yarra
https://www.epa.vic.gov.au/your-environment/water/protecting-victorias-waters/monitoring-victorias-waters#yarra
https://doi.org/10.1214/06-BA117A
https://doi.org/10.1016/S0065-2113(10)05003-0
https://doi.org/10.2134/jeq2008.0521
https://doi.org/10.1021/es00082a001
https://doi.org/10.1016/0043-1354(78)90050-7
https://doi.org/10.1007/s10750-009-0067-4
https://doi.org/10.1002/wat2.1155
https://doi.org/10.1002/hyp.9996
https://doi.org/10.1002/hyp.9996
https://doi.org/10.1016/j.jenvman.2009.04.016
https://doi.org/10.1111/jawr.12204
https://doi.org/10.1016/j.jhydrol.2015.12.014
https://doi.org/10.1016/j.envsoft.2004.11.001
https://doi.org/10.1080/00288330.2004.9517243
https://doi.org/10.1016/j.geomorph.2005.05.017
https://doi.org/10.1029/2017WR022172
https://doi.org/10.1016/j.ecolind.2011.10.005
https://doi.org/10.1016/j.scitotenv.2015.11.028

~1
AGU

100

ADVANCING EARTH
'AND SPACE SCiENCE

Water Resources Research 10.1029/2018WR023370

Loucks, D. P., van Beek, E., Stedinger, J. R, Dijkman, J. P. M., & Villars, M. T. (2005). Water resources systems planning and management: An
introduction to methods, models and applications. UNESCO, Paris.

Luo, Y., & Zhang, M. (2009). Management-oriented sensitivity analysis for pesticide transport in watershed-scale water quality modeling
using SWAT. Environmental Pollution, 157(12), 3370-3378. https://doi.org/10.1016/j.envpol.2009.06.024

Mattsson, T., Finér, L., Kortelainen, P., & Sallantaus, T. (2003). Brook water quality and background leaching from unmanaged forested
catchments in Finland. Water, Air, and Soil Pollution, 147, 275-298. https://doi.org/10.1023/A:1024525328220

May, R., Dandy, G., & Maier, H. (2011). Review of input variable selection methods for artificial neural networks. In Artificial neural networks-
methodological advances and biomedical applications (pp. 19-44). Shanghai, China: InTech.

Mei, K, Liao, L., Zhu, Y., Lu, P, Wang, Z., Dahlgren, R. A, & Zhang, M. (2014). Evaluation of spatial-temporal variations and trends in surface
water quality across a rural-suburban-urban interface. Environmental Science and Pollution Research, 21(13), 8036-8051. https://doi.org/
10.1007/s11356-014-2716-z

Mellander, P-E., Jordan, P., Shore, M., Melland, A. R., & Shortle, G. (2015). Flow paths and phosphorus transfer pathways in two agricultural
streams with contrasting flow controls. Hydrological Processes, 29(16), 3504-3518. https://doi.org/10.1002/hyp.10415

Meybeck, M., Chapman, D., & Helmer, R. (1989). Global freshwater quality, a first assessment. New York: WHO and UNEP/Blackwell Ltd.

Meybeck, M., & Helmer, R. (1989). The quality of rivers: From pristine stage to global pollution. Palaeogeography, Palaeoclimatology,
Palaeoecology, 75, 283-309.

Miller, C., Magdalina, A., Willows, R. I, Bowman, A. W., Scott, E. M,, Lee, D., et al. (2014). Spatiotemporal statistical modelling of long-term
change in river nutrient concentrations in England & Wales. Science of the Total Environment, 466-467, 914-923. https://doi.org/10.1016/j.
scitotenv.2013.07.113

Mulholland, P. J. (2004). The importance of in-stream uptake for regulating stream concentrations and outputs of N And P from a forested
watershed: Evidence from long-term chemistry records for walker branch watershed. Biogeochemistry, 70, 403-426.

NASA LP DAAC (2017). MOD13A3: MODIS/Terra Vegetation Indices Monthly L3 Global 1km V005 [WWW Document]. Retrieved from https://
Ipdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod13a3, (accessed 8.16.17).

Nash, J. E., & Sutcliffe, J. V. (1970). River flow forecasting through conceptual models part | — A discussion of principles. Journal of Hydrology,
10, 282-290. https://doi.org/10.1016/0022-1694(70)90255-6

Nash, L. (1993). Water quality and health. In P. H. Gleick (Ed.), Water in crisis: A guide to the world’s fresh water resources. New York: Oxford
University Press.

National Water Commission (2005). Australian water resources 2005. Canberra.

NSW Government (2018). NSW water information. Retrieved from http://waterinfo.nsw.gov.au/

Obenour, D. R, Gronewold, A. D., Stow, C. A, & Scavia, D. (2014). Using a Bayesian hierarchical model to improve Lake Erie cyanobacteria
bloom forecasts. Water Resources Research, 50, 7847-7860. https://doi.org/10.1002/2014WR015616

Onderka, M., Wrede, S., Rodny, M., Pfister, L., Hoffmann, L., & Krein, A. (2012). Hydrogeologic and landscape controls of dissolved inorganic
nitrogen (DIN) and dissolved silica (DSi) fluxes in heterogeneous catchments. Journal of Hydrology, 450-451, 36-47. https://doi.org/
10.1016/j,jhydrol.2012.05.035

Ouyang, W., Hao, F., Skidmore, A. K., & Toxopeus, A. G. (2010). Soil erosion and sediment yield and their relationships with vegetation cover in
upper stream of the Yellow River. Science of the Total Environment, 409, 396-403. https://doi.org/10.1016/j.scitotenv.2010.10.020

Parmar, K. S., & Bhardwaj, R. (2015). Statistical, time series, and fractal analysis of full stretch of river Yamuna (India) for water quality man-
agement. Environmental Science and Pollution Research, 22(1), 397-414. https://doi.org/10.1007/s11356-014-3346-1

Pellerin, B. A,, Saraceno, J. F., Shanley, J. B, Sebestyen, S. D., Aiken, G. R,, Wollheim, W. M., & Bergamaschi, B. A. (2012). Taking the pulse of
snowmelt: In situ sensors reveal seasonal, event and diurnal patterns of nitrate and dissolved organic matter variability in an upland forest
stream. Biogeochemistry, 108(1-3), 183-198. https://doi.org/10.1007/510533-011-9589-8

Pettorelli, N., Vik, J. O., Mysterud, A., Gaillard, J.-M., Tucker, C. J,, & Stenseth, N. C. (2005). Using the satellite-derived NDVI to assess ecological
responses to environmental change. Trends in Ecology & Evolution, 20(9), 503-510. https://doi.org/10.1016/j.tree.2005.05.011

Poudel, D.D., Lee, T, Srinivasan, R., Abbaspour, K., & Jeong, C. Y. (2013). Assessment of seasonal and spatial variation of surface water quality,
identification of factors associated with water quality variability, and the modeling of critical nonpoint source pollution areas in an
agricultural watershed. Journal of Soil and Water Conservation, 68(3), 155-171. https://doi.org/10.2489/jswc.68.3.155

Prosser, I. P, Hughes, A. O., & Rutherfurd, I. D. (2000). Bank erosion of an incised upland channel by subaerial processes: Tasmania, Australia.
Earth Surface Processes and Landforms, 25, 1085-1101. https://doi.org/10.1002/1096-9837(200009)25:10< 1085::AID-ESP118>3.0.CO;2-K

Queensland Government (2016). Reef protection regulations. Retrieved from https://www.qld.gov.au/environment/agriculture/sustainable-
farming/best-practicettsmartcane

Raupach, M., Briggs, P., Haverd, V., King, E., Paget, M., & Trudinger, C. (2009). Australian Water Availability Project (AWAP): CSIRO marine and
atmospheric research component: final report for phase 3.

Raupach, M., Briggs, P., Haverd, V., King, E., Paget, M., & Trudinger, C. (2012). Australian Water Availability Project. Canberra, Australia: CSIRO
Marine and Atmospheric Research. Retrieved from http://www.csiro.au/awap

Roberts, B. J., & Mulholland, P. J. (2007). In-stream biotic control on nutrient biogeochemistry in a forested stream, West Fork of Walker
Branch. Journal of Geophysical Research, 112, G04002. https://doi.org/10.1029/2007JG000422

Robson, B. J. (2014). State of the art in modelling of phosphorus in aquatic systems: Review, criticisms and commentary. Environmental
Modelling and Software, 61, 339-359. https://doi.org/10.1016/j.envsoft.2014.01.012

Saffarpour, S., Western, A. W., Adams, R., & McDonnell, J. J. (2016). Multiple runoff processes and multiple thresholds control agricultural
runoff generation. Hydrology and Earth System Sciences, 20, 4525-4545.

Saft, M., Peel, M. C,, Western, A. W., & Zhang, L. (2016). Predicting shifts in rainfall-runoff partitioning during multiyear drought: Roles of dry
period and catchment characteristics. Water Resources Research, 52, 9290-9305. https://doi.org/10.1002/2016WR019525

Saft, M., Western, A. W., Zhang, L., Peel, M. C,, & Potter, N. J. (2015). The influence of multiyear drought on the annual rainfall-runoff rela-
tionship: An Australian perspective. Water Resources Research, 51, 2444-2463. https://doi.org/10.1002/2014WR015348

Saraceno, J. F., Pellerin, B. A., Downing, B. D., Boss, E., Bachand, P. A. M., & Bergamaschi, B. A. (2009). High-frequency in situ optical mea-
surements during a storm event: Assessing relationships between dissolved organic matter, sediment concentrations, and hydrologic
processes. Journal of Geological Research, 114, GOOF09. https://doi.org/10.1029/2009JG000989

Schwarz, G. (1978). Estimating the dimension of a model. Annals of Statistics, 6, 461-464. https://doi.org/10.1214/a0s/1176344136

Schwarzenbach, R. P., Egli, T, Hofstetter, T. B, von Gunten, U., & Wehrli, B. (2010). Global Water Pollution and Human Health. Annual Review of
Environment and Resources, 35, 109-136. https://doi.org/10.1146/annurev-environ-100809-125342

Sharpley, A. N., Kleinman, P. J. A, McDowell, R. W., Gitau, M., & Bryant, R. B. (2002). Modeling phosphorus transport in agricultural watersheds:
Processes and possibilities. Journal of Soil and Water Conservation, 57(6), 425-439.

GUO ET AL.


https://doi.org/10.1016/j.envpol.2009.06.024
https://doi.org/10.1023/A:1024525328220
https://doi.org/10.1007/s11356-014-2716-z
https://doi.org/10.1007/s11356-014-2716-z
https://doi.org/10.1002/hyp.10415
https://doi.org/10.1016/j.scitotenv.2013.07.113
https://doi.org/10.1016/j.scitotenv.2013.07.113
https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod13a3
https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod13a3
https://doi.org/10.1016/0022-1694(70)90255-6
http://waterinfo.nsw.gov.au/
https://doi.org/10.1002/2014WR015616
https://doi.org/10.1016/j.jhydrol.2012.05.035
https://doi.org/10.1016/j.jhydrol.2012.05.035
https://doi.org/10.1016/j.scitotenv.2010.10.020
https://doi.org/10.1007/s11356-014-3346-1
https://doi.org/10.1007/s10533-011-9589-8
https://doi.org/10.1016/j.tree.2005.05.011
https://doi.org/10.2489/jswc.68.3.155
https://doi.org/10.1002/1096-9837(200009)25:10%3c1085::AID-ESP118%3e3.0.CO;2-K
https://doi.org/10.1002/1096-9837(200009)25:10%3c1085::AID-ESP118%3e3.0.CO;2-K
https://www.qld.gov.au/environment/agriculture/sustainable-farming/best-practice#smartcane
https://www.qld.gov.au/environment/agriculture/sustainable-farming/best-practice#smartcane
http://www.csiro.au/awap
https://doi.org/10.1029/2007JG000422
https://doi.org/10.1016/j.envsoft.2014.01.012
https://doi.org/10.1002/2016WR019525
https://doi.org/10.1002/2014WR015348
https://doi.org/10.1029/2009JG000989
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1146/annurev-environ-100809-125342

~1
AGU

100

ADVANCING EARTH
'AND SPACE SCiENCE

Water Resources Research 10.1029/2018WR023370

Skaggs, R. W., Brevé, M. A,, & Gilliam, J. W. (1994). Hydrologic and water quality impacts of agricultural drainage*. Critical Reviews in
Environmental Science and Technology, 24, 1-32. https://doi.org/10.1080/10643389409388459

Smith, V. H,, Tilman, G. D., & Nekola, J. C. (1999). Eutrophication: Impacts of excess nutrient inputs on freshwater, marine, and terrestrial
ecosystems. Environmental Pollution, 100, 179-196.

Stan Development Team (2018). RStan: The R interface to Stan. R package version 2.18.1.

Star, M., Rolfe, J., Long, P., Whish, G., & Donaghy, P. (2015). Improved grazing management practices in the catchments of the Great Barrier
Reef, Australia: Does climate variability influence their adoption by landholders? The Rangeland Journal, 37(5), 507-515. https://doi.org/
10.1071/RJ15012

Sturtz, S, Ligges, U., & Gelman, A. (2005). R2WinBUGS: A Package for Running WinBUGS from R. Journal of Statistical Software,

1(3). https://doi.org/10.18637/jss.v012.i03

Stutter, M. |, Langan, S. J., & Cooper, R. J. (2008). Spatial and temporal dynamics of stream water particulate and dissolved N, P and C forms
along a catchment transect, NE Scotland. Journal of Hydrology, 350, 187-202. https://doi.org/10.1016/j,jhydrol.2007.10.048

Tang, Z., Engel, B. A,, Pijanowski, B. C., & Lim, K. J. (2005). Forecasting land use change and its environmental impact at a watershed scale.
Journal of Environmental Management, 76(1), 35-45. https://doi.org/10.1016/j.jenvman.2005.01.006

Tramblay, Y., Ouarda, T. B. M. J,, St-Hilaire, A., & Poulin, J. (2010). Regional estimation of extreme suspended sediment concentrations using
watershed characteristics. Journal of Hydrology, 380(3-4), 305-317. https://doi.org/10.1016/j,jhydrol.2009.11.006

Trowbridge, P.R, Kahl, J.S., Sassan, D. A, Heath, D. L., & Walsh, E. M. (2010). Relating road salt to exceedances of the water quality standard for
chloride in New Hampshire streams. Environmental Science & Technology, 44, 4903-4909. https://doi.org/10.1021/es100325j

Vaishali, P., & Punita, P. (2013). Assessment of seasonal variation in water quality of River Mini, at Sindhrot, Vadodara. International Journal of
Environmental Sciences, 3(5), 1424.

van Vliet, M. T. H,, Franssen, W. H. P, Yearsley, J. R, Ludwig, F., Haddeland, I., Lettenmaier, D. P., & Kabat, P. (2013). Global river discharge and
water temperature under climate change. Global Environmental Change, 23(2), 450-464. https://doi.org/10.1016/j.gloenvcha.2012.11.002

Vaze, J., Barnett, P, Beale, G., Dawes, W., Evans, R, Tuteja, N. K., et al. (2004). Modelling the effects of land-use change on water and salt
delivery from a catchment affected by dryland salinity in south-east Australia. Hydrological Processes, 18, 1613-1637. https://doi.org/
10.1002/hyp.1409

Vega, M., Pardo, R., Barrado, E., & Deban, L. (1998). Assessment of seasonal and polluting effects on the quality of river water by exploratory
data analysis. Water Research, 32(12), 3581-3592. https://doi.org/10.1016/50043-1354(98)00138-9

Vietz, G. J, Lintern, A, Webb, J. A,, & Straccione, D. (2018). River bank erosion and the influence of environmental flow management.
Environmental Management, 61(3), 454-468. https://doi.org/10.1007/500267-017-0857-9

Vorosmarty, C. J., McIntyre, P. B, Gessner, M. O., Dudgeon, D., Prusevich, A, Green, P., et al. (2010). Global threats to human water security and
river biodiversity. Nature, 467, 555-561.

Warner, S., Kiely, G., Morgan, G., & O’Halloran, J. (2009). Does quantifying antecedent flow conditions improve stream phosphorus export
estimation? Journal of Hydrology, 378, 97-104. https://doi.org/10.1016/j,jhydrol.2009.09.009

Webb, J. A, & King, L. E. (2009). A Bayesian hierarchical trend analysis finds strong evidence for large-scale temporal declines in stream
ecological condition around Melbourne, Australia. Ecography, 32(2), 215-225. https://doi.org/10.1111/j.1600-0587.2008.05686.x

Whitehead, P. G., Wilby, R. L., Battarbee, R. W., Kernan, M., & Wade, A. J. (2009). A review of the potential impacts of climate change on surface
water quality. Hydrological Sciences Journal, 54, 101-123.

Wood, P. A. (1977). Controls of variation in suspended sediment concentration in the River Rother, West Sussex, England. Sedimentology, 24,
437-445, https://doi.org/10.1111/j.1365-3091.1977.tb00131.x

GUO ET AL.


https://doi.org/10.1080/10643389409388459
https://doi.org/10.1071/RJ15012
https://doi.org/10.1071/RJ15012
https://doi.org/10.18637/jss.v012.i03
https://doi.org/10.1016/j.jhydrol.2007.10.048
https://doi.org/10.1016/j.jenvman.2005.01.006
https://doi.org/10.1016/j.jhydrol.2009.11.006
https://doi.org/10.1021/es100325j
https://doi.org/10.1016/j.gloenvcha.2012.11.002
https://doi.org/10.1002/hyp.1409
https://doi.org/10.1002/hyp.1409
https://doi.org/10.1016/S0043-1354(98)00138-9
https://doi.org/10.1007/s00267-017-0857-9
https://doi.org/10.1016/j.jhydrol.2009.09.009
https://doi.org/10.1111/j.1600-0587.2008.05686.x
https://doi.org/10.1111/j.1365-3091.1977.tb00131.x


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (ECI-RGB.icc)
  /CalCMYKProfile (Photoshop 5 Default CMYK)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Symbol
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /Times-Roman
    /ZapfDingbats
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


