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ABSTRACT
Progress has been made over past decades in synthesizing knowledge of hydrological processes
across multiple spatial scales to improve the methods for predicting streamflow in ungauged
watersheds. This includes the use of “top-down” modeling approaches that have revealed
many of the dominant large-scale controls on water generation and transport. Although
informative, further advancements are needed to improve the sensitivity of these models to
the range of processes that control streamflow across multiple spatial scales. These include
improved methods for quantifying spatial and temporal variability in the parameters and
uncertainties of hydrological models, which are needed to enhance the predictive capabilities
of hydrological models in ungauged watersheds.
To address these needs, hierarchical Bayesian techniques were used with the spatially explicit
source-transport model SPARROW (SPAtially Referenced Regressions On Watershed attributes)
to predict mean annual streamflow in streams in the continental United States and mean
seasonal streamflow in the Susquehanna River Basin (SRB). The models greatly expanded the
spatial and temporal range of climate and watershed conditions for assessing the use of
hierarchical methods in hydrological modeling. Hierarchical techniques were used to estimate
streamflows according to a multi-level model in which a multivariate model of the parameters
was nested within a model of the streamflow observations. Using a separate parameter model
had the advantage of allowing model coefficients and the model error variance to vary
regionally or seasonally, thereby increasing the sensitivity of the model to process controls that
operate over these spatial and temporal scales. This was enabled by Bayesian simulation of the
hierarchical parameters, which allowed the parameters to be described as random variables
with a probabilistic joint distribution of likely values that may vary over space and time, rather
than being constrained to fixed but unknown quantities as is typical of non-Bayesian
optimization methods. Both the hierarchical and Bayesian features promote the notion of data
sharing or information “borrowing”, in which the Bayesian model parameters represent a
weighted combination of the parameters from two extreme conceptual modeling approaches:
one reflects the use of unique watershed-specific models, whereas the other reflects the use of
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a single universal multi-watershed model. The former conceptual model is sensitive to unique
local hydrology, whereas the latter describes global hydrological relations that are shared
across all watersheds. Statistical advantages arise from integrating these two approaches in
cases where the local models suffer from less precise, data-poor information, given that the
global model is likely to be informed by more statistically precise (but perhaps locally biased),
data-rich information for a large collection of watersheds.
In addition, a more complex hierarchical state-space Bayesian model was used to unravel the
sources of error that are responsible for prediction uncertainties, based on a simultaneous
accounting of uncertainties in streamflow observations, parameters, and structural
components of the model. Accordingly, a model equation was specified for the streamflow
observations and their uncertainties (i.e., “measurement errors”), within which a second
equation was nested that described the deterministic structure of the model, including the river
network, explanatory variables and associated coefficients, and a process-related variability
component (“process uncertainties”). The process uncertainties quantify process-related
variations in streamflow that are unexplained by the measurement errors and the structural
representation of physical processes in the model. The process uncertainties may include
random and systematic variations in hydrological processes, such as space/time biases,
heteroscedasticity, nonstationarities, and spatial or temporal correlation. The measurement
errors are expected to primarily reflect model uncertainties primarily associated with the
measurement of streamflow (e.g., water velocity, rating curve stability). However,
measurement errors are potentially sensitive to inaccuracies in locating monitoring sites on
reach segments or localized influences on flow (e.g., diversions, gaining/losing streams) that are
not recognized by the deterministic model structure and not accounted for in the downstream
observations of flow within the hydrologically nested array of monitoring sites. Separation of
the sources of uncertainties was facilitated by the spatial propagation of the process
uncertainties (and exclusion of the measurement errors) during the model accumulation of
water volumes from individual catchments within the river network. The process uncertainties
and measurement errors are specified so that they vary over space and time and quantify
uncertainties associated with the smallest observational units in the model—i.e., seasons and
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incremental drainage areas between monitoring sites (interquartile range of 475 to 3,225 km2
for the national model and 183 to 1,075 km2 for the SRB model). The state-space model led to
improved model accuracy and interpretability and revealed information about the potential
causes of model uncertainties. Predictions of streamflow, updated to include the state-space
estimates of the process uncertainties, were designed to provide an improved measure of the
latent “true” streamflows, which was tested in model comparisons that were conducted for a
set of validation monitoring sites.
The application of hierarchical Bayesian methods to the SPARROW model in this study
addressed three questions: (1) What are the natural and cultural factors that control spatial
and temporal variability in mean annual streamflow in watersheds of the United States and
mean seasonal streamflow in the SRB? (2) Is there evidence for hierarchical (multilevel) effects
in the SPARROW streamflow models over large spatial scales? (3) What are the effects on
model accuracy and process understanding of using a more precise characterization of the
streamflow model uncertainties, based on hierarchical Bayesian state-space methods?
In relation to the first question, the SPARROW model was sequentially coupled with a
conceptual monthly water-balance model of the “natural” effects of water supply and demand
on unit-area runoff. Mean-annual and mean-seasonal streamflow were estimated a function of
aggregate-monthly inputs of unit-runoff, mediated by additional natural and anthropogenic
properties that control water availability, demand, and transport. The coupled models
markedly improved prediction accuracy and identified additional climatic, terrestrial, and
aquatic (reservoir, stream channel) controls on spatial and temporal variability in streamflow.
One unique finding is that water losses in streams, expressed as a fraction of the water volume
per day of water travel time, were estimated to be larger in small streams and in western
regions; the losses may stem from a combination of processes, including direct evaporation
from water surfaces, recharge to the subsurface (especially in western streams), consumptive
loss from diversions, and transpiration from riparian vegetation.
In relation to the second question, accounting for spatial and temporal variability in model
coefficients and model error variance improved prediction accuracy and enhanced
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understanding of the scale-dependence and potential causes of model uncertainties. The
national model was found to display generally modest regional variability in coefficients;
however, accounting for regional and drainage size-related variations in model uncertainties,
which were positively correlated with the extent of aridity in the watersheds, resulted in large
improvements in prediction accuracy in eastern watersheds. In the SRB model, accounting for
intra- and inter-annual variability in the unit-runoff coefficients led to larger improvements in
prediction accuracy than the addition of spatial variability in other model coefficients. This
more temporally complex model led to larger improvements in accuracy in streamflow
predictions during the more extreme water supply and demand conditions in the spring and
summer seasons and especially during wet and dry years.
As to the last question, the state-space methods led primarily to improved characterizations of
the process-related model and prediction uncertainties, with generally more modest effects
observed on the values of the model coefficients and their levels of precision. Several key
patterns emerged in the process uncertainties and measurement errors. First, process
uncertainties were estimated to be larger than the measurement errors, owing to the relatively
small sampling and analytical errors that were expected to be associated with the streamflow
observations. Second, the measurement errors and process uncertainties displayed similar
regional patterns in the national model, with larger values in the more arid western regions.
Third, the larger process uncertainties in the state-space models suggest that the uncertainties
associated with the more conventional (non-state-space) SPARROW streamflow model were
generally underestimated. Finally, evaluations at validation sites in the SRB confirmed the
markedly improved accuracy of the state-space seasonal streamflow predictions; these
predictions were updated to include the estimates of process uncertainties, which displayed a
strong spatial covariance structure. The gains in accuracy were larger during summer seasons
when the dominant effects of groundwater inflows and transpiration losses are likely to cause a
stronger spatial correlation structure in the process uncertainties. Gains in accuracy were
smaller during spring seasons when a diversity of hydrological processes can occur, including
snow melt events and periods when soil and sub-surface water storage is reduced by
evapotranspiration. By contrast, predictions from the national state-space model at validation
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sites showed only limited gains in accuracy in a few western regions, suggesting that the
process uncertainties in mean annual streamflows are spatially heterogeneous and lack a
detectable spatial covariance structure in most regions. The larger size of these drainages in
the national model may have contributed to this pattern. This stresses the possible importance
of using more spatially resolved river networks (as used in the SRB) and larger numbers of
historical daily monitoring stations in future hierarchical modeling studies.
The results of the study advance hydrological understanding by providing important insights
about major process controls on streamflow variability in predominantly developed and
climatically diverse watersheds. The evaluations of the hierarchical Bayesian methods
demonstrated their effectiveness for enhancing model sensitivity to hydrological processes that
operate over multiple spatial and temporal scales. This included the use of spatially and
temporally varying model parameters that identified regional and seasonal/annual uniformities
in hydrological responses to major controlling factors, including climate, land use, and stream
channel processes. The evaluations also identified methods for unraveling the sources of
model uncertainties that revealed process-related information on the seasonal spatialcorrelation structure in streamflows; explicitly accounting for this structure markedly improved
prediction accuracy at monitoring sites used to validate the model. These techniques can be
used to enhance the performance of other statistical and mechanistic hydrological models.
They can also advance methods for quantifying hydrological similarities among neighboring
watersheds, which are needed to reliably transfer hydrological data and models to ungauged
catchments (e.g., classification techniques). The continued development of the model
specifications from this study has the potential to contribute to further advances. These
potentially include the simultaneous modeling of surface and base flow in streams and the
addition of functional specifications of the process uncertainties to explicitly account for aridityrelated spatial variability and spatial and temporal covariances in streamflows.
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CHAPTER 1
INTRODUCTION

1.1 Background and objectives
The need to integrate understanding of the process controls on water and material flux across
diverse environments in large river networks is underscored by the highly coupled nature of the
water cycle with elemental cycles across atmospheric, terrestrial, and aquatic systems. An
integrated multi-scale approach is motivated by growing concerns over large-scale human
disturbances of elemental cycles, such as mercury (Evers et al. 2007), carbon (Vorosmarty et al.
2000), and nitrogen (Galloway et al. 2004). The concerns include global climate effects on
terrestrial and aquatic ecosystems (Melillo et al. 1993), adverse impacts of atmospheric and
terrestrial nitrogen sources on coastal waters (Paerl, 1997), and atmospheric mercury
contamination of aquatic systems (Wang et al. 2004). Federal legal mandates (USEPA, 2015) to
assess headwater impacts on the chemical and biological integrity of downstream navigable
waters (e.g., Alexander et al. 2007) have also expanded the spatial scope of water-resource
research and management.
Progress has been made over the past two decades or more to synthesize hydrological process
knowledge across multiple spatial scales (e.g., IAHS Prediction in Ungauged Basins; National
Ecological Observatory Network-NEON; Montanari et al. 2013; Sivapalan et al. 2003), including
advances in understanding the connections between small-scale physical models and largescale catchment response (Hrachowitz et al. 2013; He et al. 2011). This has led to increased
recognition of the complementary value of using multiple approaches to expand the “depth
and breadth” of hydrological studies (Gupta et al. 2013). Advances in “bottom-up” or
“upscaling” approaches have refined the resolution and skill of mechanistic hydrological models
over catchment scales (Hrachowitz et al. 2013). Examples include hydrological classification
techniques, focused on identifying catchments with similar hydrologic behavior. These have
informed the selection of suitable small-scale “donor” catchments to support the transfer of
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hydrologic information to nearby ungauged catchments (e.g., Stuckey et al. 2014). Formal
methods for “regionalizing” small-scale models have also been used to identify the effects of
dominant watershed properties that can support the prediction of model parameters in
ungauged areas (e.g., Samaniego et al. 2010). Despite progress with many approaches, some
have met with only limited success (Bardossy, 2006) and many challenges remain (Hrachowitz
et al. 2013; He et al. 2011).
At the same time, “top-down” approaches, including cross-site comparative studies (e.g.,
Sivapalan, 2009, Thompson et al. 2011; Gupta et al. 2013) and large regional and continental
applications of hydrological models, have grown considerably. One class of models includes
statistical (e.g., Vogel et al. 1999; Verdin and Worstell, 2008) and hybrid (statistical-mechanistic)
approaches (Smith et al. 1997; Alexander et al. 2008). These have revealed many of the
dominant spatial and temporal patterns in streamflow and water quality in watersheds
throughout the U.S. (e.g., Vogel et al. 1999; Preston et al. 2011), including important
hydrological and biogeochemical controls that explain patterns of chemical storage and loss in
large river networks (e.g., Alexander et al. 2000, 2009; Shih et al. 2010). Another class includes
simple (Wolock and McCabe, 1999; Weiskel et al. 2014) and complex mechanistic hydrological
models (e.g., SWAT, Arnold et al. 1999; North American Land Data Assimilation System, Xia et
al. 2012) that have been applied nationally in the U.S. and have identified many dominant
controls on water sources and transport.
Although highly informative, the model structures of both the statistical and mechanistic
approaches have placed limits on the sensitivity of the models to the range of processes that
control streamflow and water-quality responses across broad spatial scales. The parsimonious,
empirical approaches have typically used constant parameter values across continental and
regional domains. However, evidence of regional and local biases in the model predictions
(e.g., Preston et al. 2011; Alexander et al. 2008) stresses the need to consider greater spatial
variability in the model structures (Schwarz et al. 2011). The mechanistic approaches have
been applied with only partial or no calibration to observed measurements, and thus, reflect
prior process knowledge over small spatial scales, informed by physical laws or empirically-
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derived process relations from experimental studies. Such choices can over-constrain the
models (e.g., Bevin, 2001; McDonnell et al. 2007) and contribute to regional and local biases
(Xia et al. 2012) that complicate the transfer of information to ungauged watersheds.
Therefore, longstanding questions remain about how stream water-quality and streamflow
responses to biogeochemical and hydrological processes change across multiple scales (e.g.,
McDonnell et al., 2007; Kirchner, 2009; Rode et al., 2010; Hrachowitz et al. 2013), both spatially
(e.g., catchments, watersheds, regions) and temporally (daily, monthly, seasonally, annually).
This includes questions about how much of the water-quality and hydrological response in
watersheds is unique to place versus more universally observed (Bevin, 2001), information that
is needed to identify improved methods for transferring knowledge of hydrological response
and governing processes from one location to another (Sivapalan et al. 2011; Montanari et al.
2014) and across different timescales at the same location (Bloschl, 2006). Questions also
persist about the preferred ways to transfer information across time to account for intra- and
inter-annual variations in hydrologic responses, including nonstationarities in processes (Kiang
et al., 2011; Galloway, 2011) related to historical changes in climate, land use, and population.
To assist with addressing these questions, approaches are needed that improve understanding
of process controls on hydrological and water-quality responses across large watersheds. This
includes particular attention to how the parameters and uncertainties of hydrologic models
should vary from one location or time period to another and change with the scale of spatial or
temporal aggregation. Such understanding is needed to quantify uniformities and
heterogeneities in hydrological and water-quality responses that govern how accurately
hydrological observations and model predictions can be transferred to ungauged watersheds.
Hierarchical or multilevel Bayesian techniques provide an integrated approach for sharing
hydrological information across multiple spatial and temporal scales (Rode et al. 2010; Cressie
et al. 2009; Liu and Gupta, 2007) that can identify both broad spatial uniformities in
hydrological response as well as unique, site-specific responses that reflect heterogeneities in
the effects of processes. The techniques allow model parameters to be treated as random
variables that can vary in space and time according to fixed parametric distributions. The
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methods can also quantify the uncertainties in the observations, parameters, and the structural
components of models. One class of Bayesian techniques is designed for use with recursive
structures as modeled in spatial networks or with dynamic systems (i.e., “state space”; Liu and
Gupta, 2007). This can assist with unraveling spatial and temporal variability in the processrelated uncertainties of models separately from variability in the observation uncertainties.
Collectively, these methods can potentially reveal information about the causes of model
uncertainties and lead to improved model accuracy and interpretability (e.g., Vrugt et al. 2005).
The 1990s and early 2000s marked a period of considerable growth in Bayesian applications to
hydrological modeling that was stimulated by improvements in computational methods (see
section 1.2.5). Despite progress, the methods have been applied primarily to small catchments,
with only rare applications to large watersheds. Collectively, the modeling studies provide a
poor representation of the diversity of climate, soils, and land cover in watersheds (see section
1.2.5). Moreover, there is evidence (Kuczera et al. 2010) that the computational demands of
the commonly used Bayesian algorithms and software may be a limiting factor in modeling
larger geographic areas and longer time periods. The recent development of a new generation
of Bayesian methods, called Stan (Stan Development Team, 2015a), offers advanced efficiencies
in Bayesian simulations (~10x faster) and has the potential to expand the computational
capabilities of hydrological models, although applications of the methods to hydrological
models have not appeared in the literature to date.
A modeling framework suitable for use with the Stan Bayesian methods is the USGS SPARROW
(SPAtially Referenced Regression On watershed attributes) model (Smith et al. 1997). This is a
spatially explicit, hybrid (statistical-mechanistic) model with a parsimonious level of process
complexity that is informed by statistical estimation with observed geospatial and stream
measurements. The model has been used successfully over the past two decades to quantify
chemical and sediment loads in streams and their major controls across large watersheds in the
continental U.S. (e.g., Preston et al. 2011; Alexander et al. 2008, 2000; Ator et al. 2011) and
internationally (Alexander et al. 2002), with increasing use as a tool to guide water resource
management. Progress has also been made in applying the earlier generation Bayesian
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techniques (WinBugs) to SPARROW (Qian et al. 2005; Wellen et al. 2012, 2014). These studies
included applications of state-space Bayesian methods to account for uncertainties in the
observations (response variable), parameters, and model structure. The methods provide a
more precise specification of the SPARROW model uncertainties than that of the conventional
non-Bayesian SPARROW model. However, these studies (Qian et al. 2005; Wellen et al. 2012,
2014) were conducted for mean conditions in small watersheds with little environmental
diversity, which may have overly constrained the assessment of the performance of the
Bayesian methods (see literature review in section 1.2.5). Therefore, SPARROW Bayesian
applications are needed that include a wider range of conditions in watersheds of varying size.
This would provide a more comprehensive evaluation of the methods, with opportunities to
advance understanding of the patterns and causes of variability in streamflow response and
model uncertainties across large spatial scales.
In this study, hierarchical Bayesian techniques, as implemented by the recently-developed Stan
methods (SDT, 2015a), were applied to SPARROW to estimate mean annual streamflow in
streams throughout the continental United States and mean seasonal streamflow in the
Susquehanna River Basin (SRB). This greatly expanded the spatial and temporal range of
climate and watershed conditions for assessing the use of hierarchical methods in hydrological
modeling. The approach provided insights about spatial and temporal variations in streamflow
response to climate forcing and uncertainties across broad geographic areas.
The SPARROW Bayesian structures were developed to separately model steady state (long-term
mean annual) and dynamic (mean seasonal) conditions. The applications are illustrated in this
study for streamflow measurements, but the techniques are readily applicable to water-quality
constituents. For example, exploratory applications of the techniques were conducted
simultaneously for several of the previous regional SPARROW nitrogen models for the
conterminous United States (Preston et al. 2011) to inform the methods development in this
study, although the nitrogen modeling results are beyond the scope of this study and are not
reported here. The steady state streamflow model is applied to all streams in the conterminous
United States (8.1 million km2), using a calibration and validation set of approximately 2,500
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monitoring sites with continuous records, of which two-thirds are used to calibrate the model
with validation for the remaining fraction (the model uses a 1:500,000 scale stream network
with ~65,000 stream reach segments; mean annual flows for headwater reaches have a median
of 0.68 m3/s). The dynamic seasonal streamflow model is applied to streams in the
Susquehanna River Basin (70,200 km2) using a calibration set of 85 monitoring sites with daily
measurements fully spanning the 2000-2008 period; these sites are separated into 42 and 43
calibration and validation sites, respectively, to support final validation assessments (the model
uses a 1:100,000 scale stream network with 29,760 reach segments; mean annual flows for
headwater reaches have a median of 0.012 m3/s).
The dynamic model is unique, using a hierarchical specification with random effects that vary
both temporally and spatially. Although a previous time-dimensioned (annual) hierarchical
model has been reported (Wellen et al., 2012), a combined space-time specification has not
been previously evaluated for SPARROW. In general, there are few previous SPARROW
dynamic applications (Smith et al., 2014; Grizzetti et al. 2005), with no prior steady state or
dynamic SPARROW models reported in the literature for streamflow, although an earlier
unpublished exploratory national (fixed-effects) model for streamflow (G. Schwarz, USGS
written comm., 2014) was consulted to inform the selection of possible explanatory factors to
consider in the models developed here.
In this study, a comparative analysis is conducted of the model coefficients, predictions, and
uncertainty components of SPARROW Bayesian model specifications for steady state and
dynamic streamflow conditions. Both non-hierarchical (“fixed effects”) and hierarchical
(“random effects”) methods are evaluated. The fixed-effects models have constant model
coefficients and a constant error variance component as found in a conventional SPARROW
nonlinear least squares regression model. The results for these models are contrasted with
those for random-effects hierarchical models that quantify streamflow according to a multilevel model in which the model of the parameters is nested within the model of the
observations of streamflow. Using a separate parameter model has the advantage of allowing
the model coefficients or the model error variance to vary regionally or seasonally, thereby
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increasing the sensitivity of the model to process controls that operate over these spatial and
temporal scales. The hierarchical treatment of the model parameters is enabled by the use of
Bayesian simulation methods. These methods allow the parameters to be described as random
variables (“random effects”) with a probabilistic joint distribution of likely values that may vary
over space and time, rather than being constrained to fixed but unknown quantities (“fixed
effects”) as is typical of non-Bayesian optimization methods.
In addition, a more complex hierarchical Bayesian model (state-space) is used to unravel the
sources of error that are responsible for prediction uncertainties, based on a simultaneous
accounting of uncertainties in streamflow observations, parameters, and structural
components of the model. This approach employed a multi-level separation of the streamflow
model into two equations. Accordingly, a model equation was specified for the streamflow
observations and their uncertainties (i.e., “measurement errors”), within which a second
equation was nested that described the deterministic structure of the model, including the river
network, explanatory variables and associated coefficients, and a process-related variability
component (“process uncertainties”). Separation of these sources of uncertainties was
facilitated by the spatial propagation of the process uncertainties (and exclusion of the
measurement errors) during the model accumulation of water volumes from individual
catchments within the river network. Further explanations of the measurement errors and
process uncertainties as characterized by these hierarchical models are given below for
questions #2 and #3.
Therefore, a set of non-hierarchical and hierarchical model specifications was sequentially
evaluated in this study so that the hierarchical features of the models and their effects on
model outcomes and performance could be systematically isolated and quantified. It was
anticipated that the state-space hierarchical Bayesian model would provide the most
comprehensive and accurate representation of hydrological processes and quantification of the
model and prediction uncertainties. However, the incremental evaluation of the hierarchical
treatment of the models was designed to provide important supporting information to unravel
the nature of the influences of the multi-level specification of the model coefficients and model
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error variance on model performance and interpretability. The evaluated models include: (1) a
fully non-hierarchical “baseline” model (constant model coefficients and model error variance),
(2) a model with non-hierarchical (constant) model coefficients and hierarchical error variance,
(3) a fully hierarchical model (coefficients and model error variance), and (4) a fully hierarchical
state-space hierarchical specification.
The comparative analysis of these model specifications has the objective of answering the
following three questions:
(1) What are the natural and cultural factors that control spatial and temporal variability in
mean annual streamflow in watersheds of the United States and mean seasonal streamflow
in the Susquehanna River Basin?
This question was addressed by using a “top-down” SPARROW modeling approach to identify
dominant factors that control variability in streamflow. The evaluated SPARROW model
specifications (non-hierarchical fixed effects) included a wide range of explanatory variables,
such as major climate drivers (precipitation, temperature), terrestrial characteristics (e.g., soils,
land use, and vegetation), as well as properties of streams and reservoirs related to water
travel time and size that may affect water loss. The selected non-hierarchical models were
intended to provide a baseline structure for the assessment of the hierarchical Bayesian
techniques (questions #2 and #3), which are capable of identifying temporal and spatial
variability in the model parameters and quantifying the uncertainties in the observations,
parameters, and structural components of the models.
The approach initially assessed different ways of accounting for the effects of climate forcing on
streamflow, based on evaluations of two alternative model specifications. The first entailed the
sequential coupling of a deterministic conceptual water-balance model with the SPARROW
river-reach modeling framework. The application of the water-balance model to individual
reach catchments provided monthly estimates of the “natural” small-scale effects of climate
and soil moisture storage on unit-area runoff. The coupling of annual and seasonal
aggregations of these monthly unit-runoff predictions with SPARROW allowed the effects of
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additional natural and cultural processes that influence water delivery to streams and
accumulation (and losses) in river networks to be assessed. The initial evaluations also
considered a more fully integrated version of the monthly water-balance model, in which all
model parameters were simultaneously optimized; however, this approach was not selected
because of limited parameter sensitivity and overly restrictive computational demands (see
section 2.1).
The sequential-coupling approach was compared with a second specification that entailed the
use of the basic climate-forcing components of a water-balance model as predictor variables in
SPARROW, including precipitation, temperature, and soil moisture storage conditions. The
sequential coupling of the water-balance predictions of unit-area runoff with SPARROW was
expected to provide more accurate predictions of streamflow at the calibration stations, but
the magnitude and the spatial and temporal characteristics of the improvements were not
predictable.
Following the selection of the climate-forcing component of the national and SRB streamflow
models, evaluations were conducted of the effects on model interpretability and prediction
accuracy that resulted from increasing the complexity of the models to include factors that
were absent from the deterministic water-balance model. These included climatic factors (e.g.,
measures of water demand, seasonal distribution of precipitation), landscape properties (e.g.,
soils, land use, and vegetation), and characteristics of streams and reservoirs related to water
travel time and size that may affect water loss. This provided an assessment of the effect of the
separation of terrestrial and aquatic features in SPARROW, which has not been empirically
evaluated in previous regional streamflow models of annual and seasonal conditions reported
in the literature. This also provided an opportunity to evaluate an in-stream water-loss function
similar to one that has been shown to be important in previous SPARROW models for stream
nutrients, carbon, and sediment; this would provide a useful predictive tool for scaling-up
catchment predictions of unit-area runoff.
In sum, I hypothesize that (a) the sequential coupling of the catchment-scale deterministic
water-balance predictions of unit-area runoff with the SPARROW river network model will
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display the highest accuracy among the evaluated alternative models because of the accounting
of monthly water supply and demand conditions, including antecedent surplus water that has
accumulated in sub-surface storage, and (b) in addition to unit-runoff, important hydrological
processes related to climate, land use, stream channels, and reservoirs will be identified that
significantly influence streamflow variability.
(2) Is there evidence for hierarchical (multilevel) effects in the SPARROW streamflow models
over large spatial scales?
Evidence of multilevel effects includes the observance of spatial and temporal variability in the
model coefficients, which express the streamflow response to unit changes in climate,
terrestrial, and other watershed explanatory variables, as well as in the model uncertainties
(error variance) that quantify structural errors in the model. Evidence of variability in these
model components from one location or time period to another is motivated by the need to
improve connections between the process features of small- and large-scale hydrological
models, which can lead to improved prediction capabilities in watersheds.
The search for multilevel effects has relevance to the question of whether a single hydrological
model should be universally applied or whether each watershed requires a unique specification
of a hydrological model. The solution is likely to be a combination of the two extremes and can
be informed by examining the observations for evidence of spatial and temporal variability in
the model parameters and uncertainties. Of course, structural differences in the models—i.e.,
types of variables and functional relations—may also be of interest. However, for a given
model structure, hierarchical techniques, which express model parameters as random
variables, provide an effective tool to assess these two extreme conceptual representations of
watershed functioning by allowing variability in model parameters over space and time to be
explored and quantified.
Hierarchical techniques (and Bayes theorem) embrace the concept of data sharing or
information “borrowing”. Accordingly, the model parameters are estimated as a weighted
combination of the parameters (i.e., based on partially pooled multi-watershed data) from two
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extreme conceptual modeling approaches (Fig. 1.1): one reflects the use of unique watershedspecific models (based on no pooling of multi-watershed data), whereas the other reflects the
use of a single universal multi-watershed model (based on a complete pooling of multiwatershed data). The former conceptual model is sensitive to unique local hydrology in the
different watersheds (Fig. 1.1b), whereas the latter describes information about global
hydrological relations that are shared across all watersheds (Fig. 1.1a). The weights account for
variability among the watersheds in data quantity (streamflow observations) and quality (i.e.,
variability in the streamflow response to climate forcing and hydrological processes). Statistical
advantages arise from integrating these two approaches, especially in cases where local models
may suffer from less precise, data-poor information, given that the global model is likely to be
informed by more statistically precise (but perhaps locally biased), data-rich information for a
large collection of watersheds.
(a)

(b)

Figure 1.1. Illustration of the use of two extreme conceptual modeling approaches that predict runoff as a linear
function of precipitation based on an identical hypothetical set of data: (a) application of a single universal multiwatershed model to the pooled observations; (b) application of separate watershed-specific models to the unpooled observations.

In this study, it is anticipated that regional variations will be detected in many but not all of the
SPARROW model parameters. The parameters of SPARROW and most large-scale models are
“effective” quantities (e.g., Smith and Marshall, 2008; Bloschl and Sivapalan, 1995), which
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cannot be directly measured but are conceptual representations of various closely-related and
coupled components of the watershed processes that control variability in streamflow and
contaminant flux. Thus, it’s expected that the parameters in the SPARROW streamflow models
will not necessarily provide an accurate fit uniformly across space and time; mis-specification in
the model coefficients and imprecision in the model uncertainties are likely to be observed.
The hierarchical streamflow models are expected to display less bias and higher precision in the
model coefficients and predictions, owing to the discretization and sharing of data across
regions and seasons. The hierarchical models are also expected to display reduced spatial
autocorrelation in model residuals associated with increased precision and reduced regional
biases in model parameters.
In sum, I hypothesize that the use of hierarchical techniques to quantify spatial and temporal
variability in the model coefficients and model error variance will (a) improve the model
accuracy at the calibration stations, with evidence of reduced biases (including reduced spatial
autocorrelation) in the model coefficients and residuals, (b) identify moderate to high levels of
spatial and temporal variability in the model coefficients, (c) identify regional differences in the
model error variance, with larger model variances occurring in the arid western regions, where
larger error variances have been observed in previous streamflow models and SPARROW waterquality models; and (d) identify scale-dependent drainage-area related effects in the model
error variance.
(3) What are the effects on model accuracy and process understanding of using a more
precise characterization of the streamflow model uncertainties, based on hierarchical
Bayesian state-space methods?
An accurate characterization of model uncertainties is intrinsically linked with estimating the
parameters of hydrological models and is additionally motivated by the activity of developing
model structures, where decisions are required about the levels of model complexity that are
consistent with the information content of the observations. Uncertainties in the model
parameters and predictions are commonly evaluated as part of the development and
estimation of statistical models such as SPARROW. Uncertainties in the observations of
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hydrological models have received less attention, but can potentially affect the accuracy of
model predictions and interpretations in cases where measurement errors in the observations
are large (e.g., Westerberg and Birkel, 2015; Westerberg et al. 2011; Kuczera et al. 2010). This
has added relevance to SPARROW because of the direct conditioning of model predictions on
the observed streamflow (i.e., the observed rather than the predicted mean annual or seasonal
streamflow is used to predict the streamflow at downstream locations). This is potentially a
concern if large measurement errors are propagated downstream within the river network
during the accumulation of water and chemical mass. One class of hierarchical Bayesian
techniques, applicable to recursive structures as modeled in spatial networks or with dynamic
systems (i.e., “state space”; Liu and Gupta, 2007), can isolate measurement-related errors in
the observations of the response variable, and estimate these separately from the processrelated uncertainties (variations in streamflow) that are associated with the deterministic
components of the model. This capability is achieved through a nested arrangement of the
measurement errors and process uncertainties in the streamflow model equations, and by
propagating the process uncertainties (and not the measurement errors) as part of the
accumulation of water mass in the river network structure.
Accounting for these uncertainty sources can contribute to improved model accuracy and can
provide information about the causes of model uncertainties that can contribute to improved
model structures. The measurement errors are expected to reflect model uncertainties
primarily associated with the measurement of streamflow (e.g., water velocity, rating curve
stability). However, measurement errors are potentially sensitive to inaccuracies in locating
monitoring sites on reach segments or localized influences on flow (e.g., diversions,
gaining/losing streams) that are not recognized by the deterministic model structure and not
accounted for in the downstream observations of flow within the hydrologically nested array of
monitoring sites. Process uncertainties reflect process-related variations in streamflow that are
unexplained by the measurement errors and the structural representation of physical processes
in the model. The process uncertainties may include random and systematic variations in
hydrological processes, such as space/time biases, heteroscedasticity, nonstationarities, and
spatial or temporal correlation. Predictions of streamflow, updated to include the state-space
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estimates of the process uncertainties, are expected to provide an improved measure of the
latent “true” streamflows; this hypothesis was tested by comparing the prediction accuracies of
the state-space and non-state-space models at a set of validation monitoring sites.
In this study, it’s anticipated that the process-related uncertainties will be much larger than the
measurement errors, owing to the relatively small but poorly known errors associated with the
measurement of streamflow across diverse sampling environments. The extent to which the
measurement errors will vary spatially is unclear, but variations may potentially occur in
response to climate-related effects on channel cross-section stability which influence rating
curve accuracies. The separation of measurement errors and process uncertainties will provide
a more precise characterization of SPARROW model uncertainties, but it is unknown how the
magnitude of the process uncertainties will compare with the model residuals estimated in the
conventional SPARROW model, which include the effects of streamflow measurement errors.
Regional differences are generally expected in the process uncertainties, based on previous
regional regression models of streamflow and nutrients that showed larger model residuals in
western watersheds of the U.S.; however, whether the measurement errors and process
uncertainties will share these regional patterns is unknown.
A novel aspect of the use of state-space methods in this study is the opportunity to examine
spatial and temporal variability in the measurement errors and process uncertainties for a large
set of national and regional watersheds that span a much more diverse range of climate and
cultural conditions than previously evaluated using Bayesian hydrological models. The process
uncertainties and measurement errors are specified so that they vary over space and time, and
quantify uncertainties associated with the smallest observational units in the model—i.e.,
seasonal time periods and incremental drainages of the calibration monitoring stations
(interquartile range of 475 to 3,225 km2 for the national model and 183 to 1,075 km2 for the
SRB model). Process uncertainties in streamflow variability over this spatial scale should
generally reflect the effects of processes that control water generation and delivery to streams.
Therefore, this allows insights to be made about the spatial and temporal variability in “smallscale” processes that control hydrological response, including whether the patterns of
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variability are heterogeneous or exhibit scale-related dependencies, such as spatial
correlations. This is complementary to the evaluations of the “large-scale” multi-level effects
indicated by regional and seasonal variations in the model coefficients and the error-variance
component of the model uncertainties as discussed in question #2.
In sum, I hypothesize that (a) the estimated process-related uncertainties will be larger than the
estimated measurement errors; (b) regional differences are expected in the process
uncertainties for the national model, with larger process uncertainties and measurement errors
anticipated for the western regions of the United States; (c) the process uncertainties of the
state-space model are expected to be similar to the uncertainties of the non-state-space model;
and (d) the use of the state-space techniques will yield valid information about the processrelated uncertainties of the model and the measurement errors of the streamflow
observations, such that the updated streamflow predictions that include process-related
uncertainties will provide more accurate estimates of the latent “true” streamflow at a set of
validation sites than predictions based on a non-state-space model.

1.2 Literature review
1.2.1 Water balance and cycling conceptual models
Water-balance conceptual models used in this study were first developed in the mid-20th
century (Thornthwaite, 1948; Thornthwaite and Mather, 1955) to account for basic water
supply and demand components of the water cycle, based on fundamental continuity principles
expressed in the water-balance equation (see section 2.1). The specific water cycling
components of the model include precipitation inputs, evapotranspiration, soil moisture and
water surplus (groundwater) storage, and streamflow outputs (see section 2.1 for a more
detailed presentation of the conceptual model of the water cycling components and integration
with SPARROW; also see Healy et al. 2007 for a comprehensive review of water cycling
processes). The models are relatively simple (Xu and Singh, 1998), with process descriptions
that are spatially averaged and data requirements conditioned primarily on readily available
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climatic and hydrologic observations (precipitation, streamflow, temperature). Over past
decades, these models have been applied to a wide range of catchment sizes and time steps
(from daily to annual), and used for a variety of purposes, including predicting soil moisture
conditions, streamflow, and depths to groundwater, and have been used to reconstruct
streamflow records for ungauged sites or missing periods of data and produce indices of
drought conditions (Alley, 1984).
Various water-balance models with similar levels of complexity as the original Thorthwaite
model have been compared on the basis of their performance and interpretability and found to
predict streamflow with generally similar accuracy (Alley, 1984; Limbrunner et al., 2005; Xu and
Singh, 1998). In addition to the original Thorthwaite, the evaluated models have included
frequently used variations on the model (Alley, 1984), such as the addition of a fraction of the
precipitation as direct runoff to account for overland flow during intense periods of
precipitation, and alternative allocations of the available water following evapotranspiration to
soil moisture and surplus storage. The comparisons have also included the Palmer drought
index model (1965) and the ‘abcd’ model (Thomas, 1981), which have been widely used. The
‘abcd’ model includes two parameters that are specific to groundwater residence time and the
fraction of runoff that is associated with groundwater discharge. One evaluation of the models
(Alley, 1984) found that the methods perform acceptably for predicting annual streamflow but
are generally much less accurate in estimating monthly streamflow. Notable differences have
been observed among the models in predictions of soil moisture storage, a critical state
condition that has been frequently observed to have unrealistic features such as the attainment
of a maximum storage capacity for most simulated months (Alley, 1984; Vandewiele et al.
1992). Differences in the fitted model parameters, such as the fraction of the water surplus
that remains in storage in the soil and groundwater, indicate that the models are capable of
describing fundamentally different catchment responses to the identical precipitation inputs
(Alley, 1984). Additionally, the models can display evidence of large correlation among certain
parameter values, which can suggest non-unique descriptions for these processes.
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Other variations on the basic water-balance models have been reported in the literature that
preserve the fundamental concepts but provide different specifications of the storage
components and representation of the hydrological processes (Xu and Singh, 1998). These
include different soil and ground water storage compartments with up to three storage
elements. Some models have given consideration to fast and slow flow features and estimates
of base flow and ground water flow. The model structures have included additional levels of
complexity with upwards of 12 parameters and applications to spatially distributed subwatersheds. Components have also been included in both the simple Thorthwaite and more
complex water balances to account for snow storage and melting processes (Xu and Singh,
1998; e.g., McCabe and Markstrom, 2007).
Another slightly more complex water-balance model that has been increasingly used is the
hydrologic component of the GWLF (Generalized Watershed Loading Function) water-quality
model (Haith and Shoemaker, 1987), a monthly time step model that includes soil moisture and
groundwater storage components. GWLF differs from more simple water-balance models in its
use of the Curve Number (CN) Method, which employs empirically derived relations of the
effects of land characteristics (land use, soils) on runoff and delivery to streams (Limbrunner et
al. 2005). The CN approach is one of the most widely applied rainfall-runoff concepts, first
developed for agricultural watersheds but extended to urban drainages, and currently used in a
variety of mechanistic simulation models for event-based, daily, and monthly time steps; some
other example models are HEC-HMS, EPIC, and SWAT (Limbrunner et al. 2005).
One note of importance related to the function and interpretation of water balance models is
that the models are designed to describe the relatively short response times characterized by
daily streamflow hydrographs (and the monthly, seasonal, or annual aggregates of daily flows).
The information in the water balances does not provide information about water age and the
transit times of water through catchments for which a considerable body of research has been
reported (e.g., Hornberger et al., 1998; Evans and Davies, 1998). The utility of the waterbalance models are aimed primarily at elucidating the average hydrological response of
catchments and information about the controls on water availability and storage over the
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relatively short time periods that are common to rainfall-runoff models. This response time
fundamentally differs from the mean transit time of water through catchments that can exceed
hydrological response time by orders of magnitude (McDonnell and Beven, 2014). Therefore,
water balances assume relatively short response times in runoff to precipitation inputs, with
runoff known to be composed of waters of widely varying ages from less than a year to multiple
decades.
A major component of the water balance is evapotranspiration. This is frequently the second
largest component in the water balance for annual average estimates, representing about 65%
of the precipitation globally (Healy et al. 2007), and thus serves as a major control on water
availability in watersheds. However, in contrast to precipitation and temperature, the
availability of measurements of evapotranspiration is limited spatially. Thus, estimates of the
actual evapotranspiration are commonly derived in the water-balance calculations, based on
estimates of the potential evapotranspiration computed from climatological methods (Healy et
al. 2007). In the water-balance calculations, the difference between precipitation and potential
evapotranspiration serves as an index of where evaporation is water or energy limited:
negative differences identify water limitations that are common to the arid western U.S.,
whereas positive differences identify energy limitations that are common to the humid eastern
U.S. (Healy et al. 2007). The dividing line between these two regimes in the U.S. is
approximately the 100th meridian, where climatic conditions are known to change abruptly over
short distances; these are also areas that pose some challenges in applying regional rainfallrunoff models (e.g., see results of national streamflow model and discussion in section 3.1.3).
Among the more commonly used methods for estimating potential evapotranspiration are the
Penman-Monteith (Penman, 1948) and Hamon (1961). The comparatively simple Hamon
method estimates the potential effects of solar radiation on evapotranspiration according to a
function of temperature and daylight hours. The Hamon is widely used in view of the simplicity
of its data requirements. The Penman-Monteith method is more complex, requiring inputs of
temperature, solar radiation, relative humidity, wind velocity, and surface and aerodynamic
resistances to vapor loss, some of which are difficult to obtain for watersheds. Based on one
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study for the continental U.S. using a simple global-scale water-balance model (~2000 km2 grid)
and minimally developed USGS stream discharge sites as validation locations, the Hamon was
shown to perform quite well across a wide range of climate and vegetation covers in
comparison to the performance of other leading potential evaporation methods, including
Penman-Monteith (Vorosmarty et al. 1998). Other inter-comparison studies found general
agreement among nine methods in the estimates of potential evapotranspiration across
different vegetation cover types and climate regimes (Federer et al. 1996); however, methods
that estimate potential evapotranspiration for a reference surface (e.g., Hamon) were found to
be more accurate than surface-dependent methods (e.g., Penman-Monteith) when monthly
data were used. One study (Lu et al., 2005) comparing three temperature-based methods (e.g.,
Hamon) with three radiation-based methods (e.g., Priestley-Taylor) in the southeastern U.S.
found large differences in potential evapotranspiration among the methods, although relatively
acceptable agreement was observed between potential and actual evapotranspiration for the
Priestley-Taylor and Hamon methods. The Hamon method has also been used previously in U.S.
continental-scale applications of Thornthwaite water-balance methods and found to perform
acceptably (Wolock and McCabe, 1999; McCabe and Wolock, 2011).
For simple water-balance models, such as the Thornthwaite, the actual evapotranspiration is
estimated as a function of the available water from precipitation and soil moisture stores (e.g.,
Alley, 1984; Wolock and McCabe, 1999). In cases where the precipitation exceeds the potential
evapotranspiration, the actual evapotranspiration is commonly considered to be equivalent to
the potential evapotranspiration. When potential evapotranspiration exceeds precipitation,
then the actual evapotranspiration is equivalent to the precipitation quantity plus the amount
of water that can be extracted from soil moisture stores to satisfy the remaining demand (the
difference between potential evapotranspiration and precipitation). Although the
computations differ among models (Alley, 1984), most assume that the fraction of the
remaining demand that can be obtained from soils will decline proportionately with decreases
in the soil moisture storage.
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1.2.2 Continental- and regional-scale studies of streamflow
The status of early efforts to assess the large-scale variability in runoff and water cycling
controls on runoff over continental and regional scales is well represented by two studies from
the mid-20th century by Thornthwaite (1948) and Langbein (1949). Thornthwaite (1948)
proposed an approach to classify spatial variability in climate conditions across the continental
U.S. by promoting the utility of precipitation and potential evapotranspiration as a moisture
index for explaining runoff, based on the occurrence of water surpluses and deficits. This study
also recognized the limitations on advancing understanding of spatial patterns in runoff
imposed by the lack of direct measurements of evapotranspiration, in contrast to the more
extensive measurements of precipitation and runoff. The approach stressed the importance of
interactions between moisture and heat as primary climatic controls on water availability for
runoff, and thus, the critical need to identify the spatial and temporal thresholds that separate
climatic regions on the basis of their water conditions (moist/dry) and temperature
(warm/cold). During the same period, Langbein (1949) produced the first U.S. national maps of
mean annual evapotranspiration and runoff, with runoff derived from multi-year flow records
for a subset of 6,000 gaging sites nationwide that were minimally affected by diversions and
regulation. The study also explored the influences of climatic factors, geology, topography,
vegetation, and drainage area on runoff. In sharp contrast to the previously reported
information at the time on runoff and controlling factors, Langbein systematically compiled and
reported on a comprehensive set of hydrologic information for the continental United States.
Previous large-scale evaluations were primarily based on highly generalized global assessments
by European hydrologists. Although the U.S. possessed a comparatively large collection of
water-resource data that could support large evaluations, many of the hydrological analyses in
the U.S. at that time were based on highly localized information that was used to inform waterresources development projects (Langbein, 1949). Subsequently, many assessments of annual
runoff have been reported, based on the interpolations of streamflow data and improved
digital methods that have contributed runoff maps for the continental U.S. (Busby, 1966;
Langbein and Slack, 1979; Gebert et al. 1987) and selected regions (e.g., Church et al. 1995).
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The Budyko curve (1958) is a fundamental water-balance relation that was developed in the
mid-20th century and has been widely used in hydrological analyses (e.g., Wang and Hejazi,
2011) to summarize a primary climatic control on annual water balances for catchments in
climatically diverse settings. The curve provides a steady state supply-demand framework for
separating mean precipitation into mean evapotranspiration and mean runoff, based on water
and energy balances. In a plot of an evaporative index (actual evapotranspiration) against a
dryness index (potential evapotranspiration), the Budyko curve describes changes in
evapotranspiration along energy-limited gradient, in which the rate of increase in
evapotranspiration (ratio of actual to potential) with increasing dryness is progressively slowed
by water limitations. The curve represents a reference condition for evaluating controls on the
water balance of catchments, against which deviations have been observed and used to
investigate the role of various local catchment properties, such as vegetation, soils, and
topography, as well as seasonal cycles of precipitation and energy (Donohue et al. 2007).
Many of the large-scale applications of water-balance models have been made at global and
continental scales and used frequently to evaluate the effects of climate change on hydrological
systems (e.g., Vorosmarty et al. 2000; Arnell, 1999; Hagemann et al. 2013). Over continental
scales, one of the first national water-balance models for the conterminous United States was
used to predict mean annual runoff (Wolock and McCabe, 1999). The study used a Thorthwaite
conceptual model to assess the importance of climatic controls (precipitation, potential
evapotranspiration, seasonality in water supply and demand, and soil moisture storage) on
explaining spatial variability in mean annual runoff. The authors stressed the importance of
evaluating spatial variability in annual runoff, which to that date had received less attention
than research on factors controlling temporal variability in runoff. The study indicated that
about 90% of the spatial variability in annual runoff could be explained by spatial variations in
the difference between mean annual precipitation and potential evapotranspiration. Notable
reductions in the prediction errors in mean annual runoff were observed when soil moisture
storage capacity and seasonality in water supply and demand were added to the model, with
the greatest improvements in prediction accuracy in regions of the U.S. where the seasonal
supply and demand are out of phase with one another as found in the southeastern and far
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western U.S. The methodology for the monthly version of the seasonal model evaluated in this
study was codified and released later by the USGS as part of an automated graphical user
interface (McCabe and Markstrom, 2007).
A recent study of hydroclimatic regimes in the United States (Weiskel et al. 2014) used a
modified version of a prior national Thorthwaite water-balance model (Wolock and McCabe,
1999; McCabe and Markstrom, 2007) to simulate mean-annual runoff and evapotranspiration
for the period 1896 to 2006. The study reflects an important step forward in the spatial
integration of distributed water-balance modeling with large stream and river networks, which
was achieved by coupling the water-balance model to the RF1 (Reach File 1; 1-500,000 scale)
river network for the conterminous United States (Nolan et al. 2002). This allowed the routing
of runoff downstream that was generated by the application of the water-balance model in
53,400 RF1 reach catchments. The authors employed trial-and-error calibration methods to
route flows and to estimate the in-stream mean-annual loss of water via evapotranspiration as
a function of excess PET; the estimates were determined as a function of the stream area
expressed as a fixed percentage of the total hydrologic unit area. This approach, although
lacking statistical estimation of coefficients and uncertainty analysis (e.g., as found in spatially
explicit models such as SPARROW), provided a mechanism for making more realistic
adjustments for local and regional biases in the catchment-scale water-balance estimates of
runoff, based on available monitored flows. The reported correlation coefficients between the
measured and predicted mean annual flows for selected rivers ranged from about 0.7
(Humboldt and Colorado Rivers) to 0.99 (Yellowstone River).
Other researchers have used simple water-balance conceptual models regionally to assess
climate effects on mean annual streamflow variability (e.g., Church et al. 1995; Milly, 1994).
Milly (1994) evaluated the utility of various dimensionless ratios of climatic conditions as
indicators of the partitioning of mean annual precipitation into evapotranspiration and runoff.
The model was evaluated in an application to regional watersheds of the United States east of
the Rocky Mountains, where the model was found to explain nearly 90% of the spatial
variability in mean annual runoff. The study indicated that evapotranspiration and runoff
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proportions are controlled by the ratio of annual potential evapotranspiration to annual
precipitation (an index of dryness), the ratio of water-holding capacity to annual precipitation
with high storage favoring large evapotranspiration and low runoff, the mean number of
precipitation events per year and the arrival rate of storms, a measure of the seasonal
variability in precipitation, and potential evapotranspiration. Earlier work by this author (Milly
and Eagleson, 1987) identified the importance of spatial variability in soil properties and
vegetation as contributing to spatial variations in the annual water-balance components.
Research by Eagleson (1978) informed the work by Milly and Eagleson (1987), based on the
development of a theoretical analytical framework that expressed the mean annual water
balance in relation to physically-relevant dimensionless parameters, which provided a physical
basis for understanding interactions between climate, soils, and vegetation.
As part of the research on mean annual streamflow and controlling factors, there’s also a
history of using regression-based multivariate methods to predict streamflow over large
continental and regional spatial scales in the conterminous United States (e.g., Vogel et al.
1997, 1999, 2000; DeWalle et al. 2000). These methods were motivated by observed relations
between annual runoff and controlling natural properties of watersheds, including climate,
geomorphology, and vegetation and land use (e.g., Langbein, 1949; Bishop and Church, 1992;
Church et al. 1995). Common to most applications of these methods, the effects of stream
channels or reservoir properties on water routing and evaporative losses are not explicitly
modeled, but are intrinsically accounted for by the model coefficients, which are specified as
lumped (whole-watershed) parameters. The widespread use of regression techniques to
predict flood frequency and low flow statistics at ungauged locations in state and regions (Vogel
and Kroll, 1992) has also influenced the more general use of these methods, based on
calibrations with long-term records from monitored watersheds, to identify controlling
properties and predict flow conditions for locations of interest.
One nationwide regression study of variability in mean annual streamflow (Vogel et al. 1999)
developed separate multivariate models for each of the 18 HUC-2 regions, based on the use of
“natural” streamflows (with minimal regulation, diversions/withdrawals) for 1,500 sites in the
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HCDN (Hydro-Climatologic Data Network; Slack et al. 1993); the study included a range of
climatic and geomorphic variables as predictors. The authors report that drainage area alone
explained from 27% to 99% (mean=71%) of the spatial variation in mean annual streamflow;
inclusion of temperature and precipitation increased the mean explanatory power to 95%, with
the range from 85% to 99%. Other independent variables provided only marginal
improvements in explanatory power. In addition, measures of dryness or arid conditions were
highly correlated with the model error (RMSE) of the regional models, suggesting that the
greatest improvements in prediction accuracy are likely to be related to developing an
improved understanding of watershed aridity and the controls on hydrologic responses in arid
watersheds.
A more spatially detailed implementation of the Vogel et al. (1999) regression-based models
was made by Verdin and Worstell (2008), who applied the equations within the EDNA
(Elevation Derivatives for National Appliations or NED-H) grid-based representation of national
streams, based on cell flow directions with resolutions of 30-m regionally and 1-km nationally.
The EDNA method predicted mean-annual streamflow by applying the Vogel et al. equations to
accumulated values of the predictor variables (“continuous parameterization” technique) for
locations of interest (e.g., stream validation cell; watershed outlet). One limiting aspect of the
EDNA streamflow prediction method is that it doesn’t ensure the spatial mass balance of flows
between prediction locations so that changes in upstream watershed properties result in
consistent downstream predictions throughout a river network.
Another study (DeWalle et al. 2000) extended the regression-based methods to account for the
combined effects of climate and urbanization on mean-annual streamflow. The authors
developed separate regression models for 60 rural and urban watersheds in the United States
(19 to 1769 km2), based on the use of multi-decadal flow records; mean annual streamflow was
predicted as a function of precipitation, temperature, and population density. The models were
used to forecast the potential effects of climate change and urbanization on mean annual
streamflow. The models explained from 16% to 90% of the mean annual streamflow variability,
with more than 80% of the sites explaining more than 50% of the variability. Population density
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was found to be more frequently positively correlated (28% of basins) than negatively
correlated (8%) with streamflow variations.
Mechanistic daily time-step models with water and energy balance components have also been
used to model streamflow conditions in streams in the continental U.S. (e.g., Arnold et al. 1999;
Xia et al. 2012), and offer some comparative perspectives on the capabilities of the these
models to predict streamflow over large spatial scales for daily to annual periods. A study by
Arnold et al. (1999) represented an early effort to apply a more mechanistic water-balance
model (SWAT) to the continental US. Water cycling processes were simulated as function of
water storage and release from snow, soils, shallow and deep aquifers, based on large
geospatial and climate forcing data; the methodology is described by Arnold et al. (1998, 1995).
The water-balance component of SWAT was applied separately to subareas that differ by crop
and soil types. Surface runoff was simulated using the USDA-SCS CN method, which accounts
for changes in water retention in watersheds as a function of spatial variability in soils, land use,
management and slope, and temporal variability related to changes in soil water content.
Water routing was based on the use of the Manning equation to estimate the flow rate and
mean water velocity in streams, and the model accounted for transmission losses in alluvial
channels and evaporative losses related to potential evapotranspiration and stream surface
area. The spatial resolution of the model was ~1:250,000, corresponding to approximate subwatershed sizes of 100-150 km2 (Arnold et al. 1995, 1998). The authors’ objectives were to
improve the process complexity of the prior conceptual water-balance models, which had been
applied nationally and regionally, and to address the scale limitations associated with complex
global water-balance models. The SWAT model was used to simulate the effects of land-use
change and water management activities, which were not often accounted for by the prior
national and regional-scale water-balance models. The model applications provided
interpretative output for the 2,100 HUC-8 watersheds in the continental US. Validation of the
un-calibrated model indicated that 66% of the variability in the observed mean annual runoff
(Gebert et al. 1987) could be explained by the model predictions at the scale of the soil type
classes ~100 km2. At the scale of US state geographic areas (mean ~100,000 km 2), the model
explained nearly 80% of the variability in observed mean annual runoff. Under-prediction
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occurred most commonly in mountainous areas, including the Appalachian and NE regions and
regions of the far West; over-prediction occurred more commonly in the southern and midcontinent regions of the US.
More recently, a continental scale inter-comparison of four mechanistic models of water and
energy flux was undertaken as part of the NLDAS (North American Land Data Assimilation
System; Xia et al. 2012). The objective of this multi-agency collaborative system was to provide
accurate land-surface state conditions to assist efforts to couple atmospheric-ocean-land
models. The models were applied to a 1/8th degree grid (~250 km2) with output for an hourly
time step for the continental US. Inter-comparisons were made for a 28-year period from 1979
to 2007 at 961 small basins (23 to 10,000 km2) in eight major watersheds. Validation was
performed for the forcing data and model output using in-situ measurements of energy fluxes,
surficial meterological data, soil moisture and temperature, snowpack, and streamflow, with
certain of validations limited by the available spatial and temporal scope of the data. Errors in
the simulated streamflows were assumed to reflect errors in runoff production and water
routing caused by the incorrect timing of flows. The comparisons indicated large differences in
prediction errors among the models. The best performing models (VIC, SAC-SMA) tended to
display the largest prediction errors in streamflow in the mid-continent, with evidence of overand under-predictions of more than 75% in daily flows. Performance was best in the eastern
US (+/- 25%) with sub-regions of under-prediction of from 25% to 75%. Prediction accuracy was
observed to improve as the time step increased from daily to weekly but much less
improvement was observed in accuracy for increases to averages of monthly and annual
predictions. The authors concluded that the best performing models are only “useful” (i.e.,
Nash-Sutcliffe Efficiency > 0.4) for about 30% of the 961 small basins where validation was
performed.
Large-scale regional modeling of annual streamflow in Pennsylvania, including portions of the
Susquehanna River Basin, have typically involved the use of regression approaches (Zhu and
Day, 2009; Stuckey, 2006). Two recent studies used calibration flow stations that were
minimally affected by flow regulation, diversions, or mining. In one study, Zhu and Day (2009)
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found that the median annual flow for 47 catchments in the state (with > 20 years of flow
record) could be estimated as a function of drainage area, precipitation, temperature, and
precipitation minus potential evapotranspiration. The explanatory variables were selected
from among 22 climate, geomorphological, and soil variables, many of which were found to be
correlated and lacked unique information for use in the regression model. The interquartile
range of the predictions of median streamflow was within +/-15% at the calibration sites and
within -5% to +20% for the 11 validation sites. Another study (Stuckey, 2006) had the purpose
of developing Pennsylvania statewide predictions of mean annual flow using a regression-based
function of climate variables and basin attributes, based on 195 flow stations in Pennsylvania
and adjacent states with 9 or more years of record. The authors found that mean annual flow
was best explained by drainage area, precipitation, elevation, the percentage of carbonate
bedrock, forested area, and urban area. The standard errors of the predictions were 12% and
38% for the log transformed mean annual flow and the harmonic mean flow, respectively. A
more recent study by Stuckey et al. (2014) estimated baseline mean daily flows using statistical
methods (e.g., Archfield et al. 2010) that allow the transfer of the percentiles of the flow
duration curve at reference gauges to nearby ungauged locations that are considered to be
hydrologically similar. Baseline flows were minimally altered by regulation, diversion, mining,
or other anthropogenic activities. Hydrological similarity was determined from mapped
correlation contours that reflect the outcome of all possible pairwise correlations among
station flows. Basin characteristics were used as predictor variables in a statewide regression
to predict the percentile flow. Examples also exist of the use of detailed physically-based
models in small Pennsylvania catchments, such as HSPF (Senior and Koerkle, 2003) in
Brandywine Creek watershed and the use of PIHM (Penn State Integrated Hydrologic Model; Yu
et al. 2013; Qu and Duffy, 2007), a fully distributed simulation model with complete water and
energy balances, including infiltration, recharge, groundwater flow, and channel routing, which
has been applied in many watersheds in the Juniata River Basin.
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1.2.3 Streamflow classification and regionalization techniques
There has been much discussion about the needs and limitations of hydrologic models and
other interpretative approaches to address the challenges of predicting streamflow responses
to climate forcing (precipitation, evapotranspiration) and hydrologic variability in gauged and
ungauged basins. This discussion is amply described within an extensive collection of literature
(e.g., McDonnell et al. 2007; Gupta et al. 2013; see special issue by Sivapalan et al., 2003; also
see reviews by He et al. 2011 and Hrachowitz et al. 2013).
Much of the discussion has centered on the difficulties surrounding the extrapolation of smallscale hydrologic models, including the knowledge of hydrologic response and complex set of
processes that are described by the model equations and rate coefficients. The theoretical
structure of these models reflects prior process knowledge over small spatial and temporal
scales, based on universal physical laws or empirically-derived process-related relations, and
may be only partially calibrated to observed measurements.
However, despite considerable progress in refining the resolution and skill of these models,
challenges remain as to how to validate the models across larger scales, ranging from hillslopes
to catchments to river basins. Advances in the resolution and availability of geospatial data
have led to an expansion of “place-based” studies that have described a greater diversity of
conditions (Gupta et al. 2013), contributing to heterogeneities in hydrologic response and
complexities that have been generally difficult to explain within a broader hydrologic
framework (McDonnell et al. 2007). Therefore, a variety of approaches have been developed
(e.g., Hrachowitz et al. 2013) to support the use of small-scale mechanistic models to predict for
larger spatial scales (e.g., catchment), methods that have been described as a “bottom-up” or
“upscaling” approach to model development (Sivapalan et al., 2003).
Two challenges with the “bottom-up” approach have been commonly cited (McDonnell et al.
2007; Sivapalan et al., 2003), which have informed the development of the different
approaches. One is that different processes may be important at different scales. As a result,
all of the process complexity of a small-scale model may not be necessary to describe
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hydrologic behavior at larger spatial scales (McDonnell et al. 2007). This type of hydrologic
behavior can be explained by “emergent” processes in which hydrologic responses result, not
from simple aggregation of process effects, but from nonlinear combinations of multiple
process interactions and feedbacks (Hrachowitz et al. 2013, Dooge, 1986). Such interactions
can arise from structured process heterogeneities that are intrinsic to the complex landforms,
characterized by different climate, soils, vegetation, and other natural properties, associated
with systematically organized catchments (Hrachowitz et al. 2013). Emergent processes can
also be related to structural differences that cause specific processes to dominant over larger
scales, such as that observed for preferential flowpaths (Sivapalan et al., 2003; McDonnell et al.
2007). Thus, despite the process complexities associated with small-scale heterogeneities, the
hydrologic response at the larger catchment scale is likely to express itself according to a set of
more simple processes that are the net effects of the interaction of a large set of complex
processes (Hrachowitz et al. 2013). The emergence of complex process interactions as relatively
simple hydrologic responses over larger scales shares some common traits to the well-known
property of statistical estimators and the “law of large numbers”. However, hydrologic systems
are better characterized as being controlled by a complex set of processes that exhibit the
combined effects of random statistical behavior and more organized or deterministic behavior
(Dooge, 1986).
A second challenge with upscaling is the over-parameterization or over-specification of models,
which allows the description of processes in the model to extend beyond the information
content of the data. This can lead to large uncertainties in the parameter values, characterized
by high levels of parameter insensitivity such that different values of the parameters are
observed to produce similar predictions or outcomes (Bevin, 2009), a condition that has been
referred to as a state of equifinality (Bevin, 2001). Central to this issue are decisions about the
tradeoffs in modeling objectives between the need for sufficient complexity to explain the
hydrologic response in a particular catchment vs. the need for parsimonious levels of
complexity that realistically describe the dominant process features of catchments so that the
model can be reliably used for extrapolation in ungauged locations.
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These concerns about efforts to scale up small-scale models have led to calls for an improved
understanding of how small-scale physical models are connected to large-scale catchment
response (see Hrachowitz et al. 2013). Thus, alternative “top-down” approaches have been
increasingly promoted, with the objective of attempting “…to predict overall catchment
response and the catchment functioning based on an interpretation of the observed response
at the catchment scale…” (Sivapalan et al., 2003). The approaches include the development of
data-driven modeling frameworks with catchment-integrated process representations and
effective parameters (Hrachowitz et al. 2013) that are used to identify dominant process effects
over large spatial scales (i.e., “from patterns to process”; Sivapalan et al., 2003). Relevant
examples of top-down approaches are the large-scale empirical modeling methods described in
the prior section (1.2.2). “Top-down” approaches also include the synthesis of “place-based”
studies in which the pooling of data and systematic comparison of the process understanding
from small-scale investigations of multiple sites can yield hydrologic insights (Sivapalan, 2009,
Thompson et al. 2011; Bloeschl, 2006; McDonnell et al. 2007; Gupta et al. 2013; Alexander et al.
2009). Nevertheless, concerns have been expressed (Sivapalan et al., 2003) over limits on the
level of complexity that can be supported by the available observations, and the restrictions
that this imposes on the ability to assign causality to observed dominant patterns. These
concerns have some natural connections to the principle of parsimony (e.g., Occam’s razor—
i.e., among competing hypotheses, the one with the fewest assumptions should be chosen) as
well as the Pareto effect (i.e., a large proportion of the effects are derived from a small
proportion of the causes). Thus, it is recognized that the underlying physical processes that are
responsible for dominant large-scale responses may be difficult to fully understand and may
remain unclear (Hrachowitz et al. 2013).
Partially in recognition of these challenges, there’s been an evolution of the philosophical
approaches that has led to the acknowledgement of the complementary value of multiple
approaches that serve to balance both the “depth and breadth” of hydrological studies (Gupta
et al. 2013). The recognition of the value of this balance was, in fact, expressed in an earlier
commentary by Dooge (1986), who advocated elements of both approaches and has broadly
influenced thinking on this topic (e.g., McDonnell et al. 2007). Dooge (1986) described a
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hydrological analytical framework that stressed the importance of the upscaling of small-scale
models and theories (“parameterization of microscale effects”), the development of new
scaling relations, and the search for equilibrium laws operating at the macroscale.
One topical area where there have been extensive efforts to synthesize hydrological process
knowledge across multiple spatial scales is in the development of catchment “classification”
methods (Hrachowitz et al. 2013; He et al. 2011). This topic is covered for the remaining
portion of this section. Classification methods have the objective of improving understanding of
the connections between small-scale physical models and large-scale catchment response. This
includes an improved understanding of the dominant process effects across broad spatial
scales, which can be used to inform small-scale modeling and the transfer of hydrologic
understanding to larger scales and new catchments. Two primary categories of methods are
described here: “classification and similarity techniques” and “regionalization” methods. The
former is focused on identifying catchments with similar hydrologic behavior, whereas the
latter emphasizes regional calibration / optimization methods for estimating hydrologic
response or transferring the model parameters of small-scale models to new locations.
The overarching objective of the classification and similarity methods is to create an organizing
framework that identifies similar features of catchments in regards to their hydrologic behavior
(Wagener et al. 2007). The intent of the methods is to use these uniformities in behavior to
enhance understanding of underlying controls and to identify gauged reference catchments
that can be used to transfer information to ungauged locations.
One sub-class of classification methods aims to identify hydrological functional traits or
signatures (McDonnell et al. 2007; Wagener et al. 2007). The traits are the net result of the
evolution of functional processes in the watershed that control the collection, storage, and
release of water (McDonnell et al. 2007). However, rather than just observing the net result of
processes, this approach advocates diagnosing patterns in the collective evolution of soils,
vegetation, and hydrology in a location, which aims to answer why the catchment has evolved
in a particular manner. This involves looking for common signatures of spatial and temporal
variability of, for example, changes in soils, vegetation, evapotranspiration, and runoff.
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McDonnell et al. (2007) cite evidence of runoff generation signatures that have been observed
to emerge over catchment scales, including threshold behavior, feedbacks, hysteresis,
saturation-depletion behavior, and time-related dynamics.
One example of this conceptual approach is the inter-comparison North-Watch program
consisting of 10 sites in hydro-climatic regimes across northern latitudes (Carey et al. 2010).
The program is designed to assess how catchments collect, store, and release water and
identify catchment response signatures. The initial study evaluated multiple measures of
hydrologic function related to seasonality and the synchronicity of fluxes, based on climate
cycling data and storage properties for the catchments. The results revealed catchments that
readily store water, thereby delaying its release; others were observed to provide little
buffering in the response to precipitation. Clusters of catchments were identified based on
patterns of seasonality in precipitation and storage and patterns in temperature-precipitation
gradients and precipitation-discharge correlations. The assessment provided information for
understanding the susceptibility of catchments to hydrological change by examining catchment
functions in terms of the resistance of discharge to changes in precipitation (as related to
storage properties) and the resiliency of discharge, its ability to recover from a drought or flood
disturbance.
Another example of the functional traits approach is a study (Sawicz et al. 2011) of 280
minimally developed catchments in the eastern half of the U.S., ranging in size from 67 to
10,096 km2, and reflecting a wide range of aridity conditions (ratio annual evapotranspiration
to annual precipitation between 0.4 and 3.3) and ecoregion characteristics (the authors note
that hillslope controls are unlikely to effect the catchment response given that these decline
beyond about 10 km2). Hydrologic record lengths of 10 years (1949-1959) were used to
estimate six signatures that are independent of catchment size: runoff ratio, baseflow index,
snow day ratio, slope of the flow duration curve, streamflow elasticity, and rising limb density.
The results revealed nine clusters of sites that exhibited some level of spatial connectivity that
is likely related to similarities primarily in climate and secondarily to certain landscape
properties. The results also suggested that permeable soils buffer the catchment response to
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climate variation. Other related studies (Coopersmith et al. 2012; Yaeger et al. 2012; Ye et al.
2012) have used various synthesis and mapping methods to identify similarities in various
hydrological characteristics (e.g., monthly mean flows, seasonality index, aridity index, peak
runoff) among large collections of catchments. The results identified the existence of
similarities in hydrologic functioning that could be potentially be used to regionalize model
structures (Hrachowitz et al. 2013).
A study by Archfield and Vogel (2010) developed a “map correlation” method that was used to
quantify isopleths of daily streamflow correlation across a region of interest, thereby informing
the selection of a suitable reference gauge to transfer streamflow information to ungauged
sites. The method is an example of a functional similarity trait that integrates the effects of
climate and landscape properties of the gauged watersheds and could be used to more
accurately transfer daily records of streamflow and summary metrics to ungauged locations.
The authors noted that, in contrast to current practice where the Euclidean distance to a
reference gauge is commonly used as a selection criterion, the correlation maps that are
reflective of “hydrologic distance” provide a more informed basis identifying suitable sites. This
approach was recently applied to streams in the state of Pennsylvania (Stuckey et al. 2014).
Classification methods also include approaches that use dimensionless and scaling relations
properties to characterize similarities in catchment functioning (Hrachowitz et al. 2013;
McDonnell et al. 2007). There are various examples of using dimensionless properties of the
subsurface and catchment, related to aquifer thickness, topography, soils, vegetation, and
climate to identify similar hydrologic behavior or catchment attributes that are associated with
uniformities in hydrologic functioning (Hrachowitz et al. 2013). Previously discussed research
(Milly, 1994; Milly and Eagleson, 1987; Eagleson, 1978), for example, reported the importance
of various dimensionless ratios of climatic conditions as being related to mean annual runoff
and water cycling components, which could inform evaluations of similarities in hydrologic
response. Emergent properties related to spatial scale, such as tracer-based travel times for
surficial and sub-surface transport, are associated with the degree of hydrological connectivity
within catchments and can be used to obtain macroscale representation of process effects
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(McDonnell et al. 2007). Other examples of organizing scaling relations that have been
reported include those of Basu et al. (2010), who cite patterns of inter-annual variation in
nutrient loads that identify stationary patterns of variations in nutrient-enriched watersheds
with “transport-limited” characteristics stemming from a legacy of managed agricultural
systems vs. more non-stationary behavior in “supply-limited” watersheds. Hydrological and
biogeochemical controls on in-stream nutrient loss have been observed for a wide range of
stream sizes that can be explained by scaling relations with stream depth, water time of travel,
and water-column concentrations (e.g., Botter et al. 2010; Alexander et al. 2000, 2009); these
relations reflect similarities in watershed functioning and behavior. Hydrological studies of
streamflow variability at continental scales also reveal spatial and temporal uniformities and
heterogeneities based on patterns in regional persistence and variability of annual flow (e.g.,
Vogel et al. 1998, 2000) and regional pattern of dominant process influences (Vogel et al. 1999).
Studies of climatic regimes in the U.S. additionally identify regions of similar and dissimilar
patterns of water deficits and supply related to variability in the water balance (Weiskel et al.
2014).
The second major type of classification method involves parameter regionalization. This
includes techniques for transferring the parameters of streamflow statistics (e.g., flood
quantiles) or streamflow rainfall-runoff models to ungauged catchments. Transferring the
parameters of small-scale mechanistic models to other locations entails uncertainties about
what values of the parameters are most appropriate for the ungauged catchment. The
uncertainties may stem from calibrations in the gauged catchment that lead to either overlyconditioned or poorly-conditioned models. In the former case, the calibration of “effective”
parameters may contribute to an overly constrained model that is unable to provide reliable
predictions in the new catchment. In the latter case, the over-parameterization of the model
may complicate the identification of unique parameter values (i.e., equifinality) and their
transfer to the ungauged catchment (Samaniego et al. 2010). Regionalization techniques have
the objective of obtaining parameter values that are estimated as a function of the physical and
climatic characteristics of the catchments within a larger region, thereby providing a functional
relation that can ensure a more accurate transfer of information from a gauged catchment to
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ungauged catchments. The methods typically involve one of two methods (He et al. 2011;
Samaniego et al. 2010). The first is a two-step procedure in which parameter regionalization
follows the calibration of the small-scale models with the gauged catchments. A second
involves the simultaneous regionalization of parameters by combining these two steps.
Parameter regionalization in either method makes use of transfer functions in which the
collection of different parameters of the small-scale models in individual catchments are
regressed on catchment properties, such as soils, elevation, slope, vegetation, drainage area, or
land use; the parameters of the regression models are sometimes referred to as global or super
parameters (Samaniego et al. 2010).
Many examples of the two step procedure have been reported in the literature. Citations and
summaries for these are reported in reviews conducted by He et al. (2011) and Vogel (2005).
However, concerns have been raised about the effectiveness of this approach (He et al. 2011;
Samaniego et al. 2010). These include equifinality problems, related to the presence of nonunique parameter solutions. Correlations among the catchment attributes also contribute to
multi-collinearity problems that lead to unstable and nonsignificant parameters, reducing the
reliability of the transfer functions. There’s also no assurance that the estimated parameter
values in the transfer function fall within the expected physical range for the parameters.
Alternatively, the simultaneous regionalization of the parameters has been proposed to address
some of the former problems with the two-step approach. The approach establishes a priori
transfer functions between the small-scale hydrologic model parameters and catchment
attributes, which is calibrated simultaneously with the coupled hydrologic model. One example
of this approach (Hundecha and Bardossy, 2004) applied a conceptual rainfall-runoff model
(HBV) to 95 catchments in the Rhine basin. The transfer function related the model parameters
to land use, soil type, catchment size, and topographic properties; parameter sensitivities were
evaluated to identify a unique set of predictor variables for each parameter based on the
selection of a subset of 30 sub-catchments with contrasting attributes. The model predictions
explained from 83% to 94% of the variability in the observed runoff volumes for the calibration
catchments and from 81% to 93% for the validation catchments. A second follow up study
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using these methods (Gotzinger and Bardossy, 2007) added continuity conditions into the
optimization method so that the model parameters are constrained to be uniform across
neighboring cells that share similar attributes, thereby reducing the potential for parameter
interactions and equifinality problems. Despite some success with these methods (Hundecha
and Bardossy, 2004; Gotzinger and Bardossy, 2006), Bardossy (2006) concluded that the
approaches are generally a “trial-and-error procedure”, and do not produce robust results for
all catchments. Bardossy recommends that, in view of the complicating correlations among the
parameters of small-scale models, the transfer of entire parameter sets to ungauged
catchments is likely to produce more reliable outcomes.
Other variations on parameter regionalization have also been reported in the literature. A
multi-scale parameter regionalization method was developed by Samaniego et al. (2010), which
allowed an explicit accounting of the more highly resolved sub-grid variability and the linkage of
this fine-scale grid to the more coarse regional scale where dominant large-scale process
effects are observed. The linkages to the more highly resolved scales are cited as necessary to
ensure the reliable transfer of parameters to other scales not considered during calibration. The
method addresses equifinality problems by reducing the model complexity as the parameter
dimensionality is reduced to a set of globally estimated parameters; this approach has been
recognized (Hrachowitz et al. 2013) as a promising method to reduce the scale dependency of
the parameters. Another approach (Fernandez et al. 2000) simultaneously calibrated the
parameters of the catchment models and the transfer function, although this has been cited
(Samaniego et al. 2010) as a redundant procedure in view of the intrinsic coupling of the
transfer parameters to the catchment models. He et al. (2011) conclude their review with the
acknowledgement that “…no single method so far can be shown as the best solution to
regionalization”, and suggest that regionalization efforts are dependent upon further advances
in understanding with process-based models.
1.2.4 Hierarchical Bayesian methods
Considerable research has been reported in the literature on hierarchical modeling structures
that can be estimated using Maximum Likelihood Estimation (MLE) or Bayesian techniques
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(e.g., Gelman and Hill, 2007). The following provides some brief background on hierarchical
approaches and the related concept of information “borrowing” that is central to the method,
with selected context given to the SPARROW applications in this study. The notion of
borrowing of information has direct relations to the discussion in the prior section on
classification and hydrological similarity, with hierarchical techniques (Bayesian or MLE)
providing an alternative approach for identifying similarities and discontinuities in hydrological
variability over time and space.
Hierarchical methods assume that model parameters are not fixed but are random variables,
and thus subject to random variations in time or space. Parameters are free to vary spatially or
temporally according to a discrete or continuous function of other variables that describe the
multilevel, scale-dependent effects of processes on model outcomes. The parameters are
commonly assumed to adhere to fixed parametric probability distributions. Hierarchical
techniques provide a structure that can explicitly account for the multi-scale dimensions of
measurements that reflect the complex outcomes of process interactions across variable
combinations of time or space.
In the SPARROW model, the observations of water quality or streamflow are intrinsically nested
in a hierarchical manner: individual-level measurements are collected at stream monitoring
sites, which are nested within and associated with higher-level “groups” organized spatially by
hydrologic units—i.e., contiguous aggregates of drainage area (catchments, river basins,
regions)—or temporally by uniform time intervals (seasons, years). Within the SPARROW
model, the higher-level group effects are, therefore, quantified according to a parameter model
that is nested within a separate model of the streamflow observations. The higher-level group
effects are modeled as intercept terms that describe regional or seasonal/annual differences in
the streamflow response to unit changes in each of the explanatory variables associated with
unit-runoff, landscape transport, and aquatic attenuation. Thus, the higher-level effects are
indicative of underlying spatial (regional) or temporal (seasonal, annual) differences in latent
processes that influence the magnitude of the flow response to explanatory variables across
these higher-order aggregations of space or time. This provides additional flexibility in the
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model response to unit changes in the explanatory variables that can potentially improve
model accuracy and interpretability.
To further distinguish random- and fixed-effects specifications of the model parameters,
consider how the data aggregation that is to estimate the parameters differs between the two
approaches. For example, standard regression NLLS (Nonlinear Least Squares estimation)
approaches in fixed-effects models account for higher-level effects with dummy or interaction
variables, which represent parameter differences between groups separated in space or time.
In these cases, the group-level effect is assumed to be a single true fixed quantity with
variability in its estimate related to sampling error. Accordingly, the data associated with
groups are considered to be either all the same (pooled) using a single model or completely
different (unpooled) using a separate model parameter(s) for each group. By contrast,
hierarchical parameters in random-effects models are estimated from partially-pooled data
based on a weighted combination of the parameters from these more extreme groupings of the
data. For smaller samples, this weighting generally provides a more statistically efficient (lower
variance) method to estimate higher-level effects in space or time; under asymptotic
conditions, the fixed-effects approach should be equally efficient (Mundlak, 1978; Judge et al.,
1985). For partially-pooled estimates, the weights for each group are a function of the sample
size and the magnitude of the variation between groups relative to the variation within groups.
Conceptually therefore, hierarchical models provide an efficient method for “borrowing”
information from the pooled set of data in which the more statistically certain global relations
and parameter values can be used to estimate the less certain and data-poor group-level
relations and parameters. These methods have particular utility in cases where the information
content (quantity and quality) is highly variable (Gelman and Hill, 2007). As the data quantity
increases among groups and the differences between the group-level relations and parameters
become more apparent (i.e., increases in the ratio of the between- to within-group variance),
greater weight is given to the individual group data and parameters. By contrast, in cases
where the group sample size is small and the relations are uncertain (i.e., large ratio of withinto between-group variance), group-level relations and parameters are more heavily informed
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by the global relations and parameters. These distinctions lead to different statements of the
null hypothesis for fixed- and random-effects models. For the former, the null hypothesis
assumes that there are no differences in the mean effects among the various groups, whereas
for the latter the null hypothesis assumes that there is no variability in the effects associated
with all possible groups, including those that have not been sampled as part of the observed set
of data (Wagner et al. 2006).
The use of partially pooled data in hierarchical modeling can be illustrated mathematically,
using a construct presented by Gelman and Hill (2007), for a set of catchments in which the
partially-pooled mean runoff for the ith catchment, ̂ , is estimated from a weighted
combination of the catchment-specific sample mean of the unpooled runoff observations, ̅

,

and the overall sample mean of the pooled observations, ̅ , such that
̂

̅

(
(

̂

̂

) ̅
)

̂

(1.1)

̂

where, ̂ is the estimated within-catchment variance for the observed runoff across all
catchments;

is the sample size for catchment i, and ̂ is the estimated between-

catchment variance. Estimation of the catchment-specific runoff means and the variance terms
can proceed by assuming that the individual sample runoff data,

for the jth observation in

each catchment are conditioned on an assumed distribution (e.g., “soft constraint” as described
by Gelman and Hill, 2009), normal in this case, such that
(1.2)
The catchment-specific means,

, are assumed to be random variables from a normal

distribution that is shared among all catchments with the global population mean,

, such that
(1.3)

Therefore, the partially-pooled, hierarchical structure for estimating the catchment-specific
means establishes a constraint on the random effects (catchment-specific means) such that
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they are associated with a specified random distribution. The normal constraints in equations
1.2 and 1.3 intrinsically link the estimates of runoff response across all catchments. These
constraints will tend to pull the catchment mean towards the global mean in relation to the
magnitude of the variance of the distribution (

). Thus, as

approaches zero, the catchment

mean becomes a pooled estimate, whereas as

approaches infinity, the catchment mean

becomes an unpooled catchment-independent estimate and the normal constraint has no
effect (i.e., the fixed-effect model). This facilitates the borrowing of information on the runoff
response across catchments, given that the individual catchment-specific responses are
informed by an assumed prior probability distribution with mass centered about the global
mean runoff for all catchments. In catchments with small sample sizes, information about the
catchment runoff response is leveraged from the more certain pooled collection of runoff data.
The hierarchical, partially-pooled estimation of group-specific parameters is based on an
analytical structure that is consistent with that in Bayesian inference methods (Stow et al.
2009). In the context of modeling, Bayesian inference methods employ Bayes Theorem of
conditional probability to update estimates of the likelihood of a set of parameter values that
are conditioned on observed data and subject to prior knowledge about the parameters. This
conceptual framework and hierarchical structures have relevance to current discussions in
hydrological modeling about the strategies (e.g., “top-down” “bottom-up” modeling and
synthesis; Sivapalan, 2009) for understanding hydrological process effects and integrating
hydrological knowledge from micro to macro scales. When applied in a hierarchical structure,
Bayesian methods can be used to estimate the multilevel responses (e.g., catchment-specific
runoff) using the global mean from pooled observations as a prior condition on the estimated
outcomes, similar to that illustrated for the partially-pooled estimation approach in equations
(1.1-1.3).
Parameter estimation with Bayes Theorem can be illustrated mathematically (Ellison, 1996) by
first acknowledging that the probability of two events (

; the parameters and observed data,

respectively) is equivalent to the product of the probability of one event and the probability of
the second event conditioned on the first event, such that
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|

(1.4)

Rearranging the terms to express the probability of the parameters conditioned on the
observed data, which is the posterior probability of observing the parameters, gives the Bayes
Theorem expression, defined as
|
where

|

is the prior probability of observing the parameters;

(1.5)
|

is the probability of

observing the data conditioned on the set of parameters—i.e., the likelihood function that is
obtained from the optimal fit of the parameters to the observed data; and

is the expected

value of the likelihood function, a scaling constant that standardizes the integral of the
posterior distribution (Ellison, 1996). Therefore, Bayes Theorem describes how new information
about a parameter set (the likelihood function) transforms prior knowledge of the parameters
into the most likely posterior predictions of the parameters.
One complexity in using Bayesian methods is the selection of the appropriate description of
prior knowledge about the parameter values and related choices about the statistical
distribution(s) and spatial and temporal domains over which these distributions should
represent catchment processes. For example, are catchment responses to water supply and
demand processes so radically different in arid and humid climates that separate statistical
distributions are required to represent the populations, or instead, can catchment responses to
these conditions be represented as end members of a process continuum that is acceptably
described by a single statistical distribution of the population? In Bayesian analyses, these
choices about prior conditions need to be made for all model parameters, including the means
and variances of the prior distributions of the global populations (e.g., equation 1.3). The mean
and variances are usually assumed to have relatively non-informative (diffuse) priors (e.g.,
uniform distribution for a large interval) unless more definitive information is available about
their distributions. And as mentioned, decisions are also necessary as to the spatial and
temporal domains for application of the parameter distributions.
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1.2.5 Bayesian hydrological modeling
The characterization of uncertainties in hydrological models has been increasingly recognized as
essential to develop reliable models for scientific investigation and management. This has led
to advances in a wide range of sophisticated Bayesian and Maximum Likelihood Estimation
(MLE) modeling techniques (Li and Gupta, 2007), although practitioners have clearly been slow
to adopt more formal methods of parameter and model uncertainty assessment based on
meta-analyses of the literature demonstrating their low levels of use (Arhonditsis et al. 2007).
Uncertainty assessments are intrinsically linked with the estimation of model parameters, given
that parameters are often “effective” unmeasurable quantities (Smith and Marshall, 2008),
which are conceptual aggregate representations of the hydrological response of catchments
(Liu and Gupta, 2007). Moreover, model development itself, and decisions about the levels of
model complexity that are consistent with the information content of the observations, is
necessarily shaped by uncertainty evaluations (Arhonditsis et al. 2008).
With improvements in computational capabilities, Bayesian techniques have been increasingly
applied to hydrological models and used across a variety of disciplines, especially ecology and
medicine. The methods offer considerable flexibility and comprehensive methods to estimate
parameter distributions and account for the major sources of model uncertainties (Smith and
Marshall, 2008). The 1990s marked a period of computational advancements in MCMC
(Monte-Carlo Markov Chain) methods for sampling the posterior distributions of the model
parameters. This provided the means to numerically approximate the integrals associated with
the posterior distribution, which are commonly too complex to solve analytically, especially in
higher dimensional space. Sampling according to a Markov chain process generates a sequence
of random samples from the posterior parameter distributions that are independent of the
history of sampling (i.e., “memoryless”). When executed over a sufficient length of time, the
posterior parameter distributions can be efficiently sampled and support model-based
inferences of the posterior distributions. These computational improvements led to many
comparative hydrological studies during the 2000s that advanced understanding of the
capabilities and limitations of using Bayesian methods with hydrologic data. Progress in
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Bayesian computational methods also further encouraged longstanding discussions of the
merits of Bayesian inference methods that were vigorously advocated by ecologists (e.g, Ellison,
1996) and medical researchers (e.g., Shoemaker et al. 1999) as a preferred alternative to the
traditional Frequentists methods. Despite considerable growth in the use of Bayesian methods,
philosophical debates over hypothesis testing, p values and model selection methods persist to
this day though and are not likely to be resolved in the near future (e.g., see Ecology Forum—“P
values and model selection”; e.g., Ellison et al. 2014).
Modeling the sources of model uncertainties
Bayesian techniques have been used to address three sources of uncertainties in hydrological
models that are of keen interest, including errors associated with the model data or
observations (inputs, response variable), the parameters, and the model structure.
Uncertainties in the model observations may include both errors in the inputs (e.g, climate
forcing, land use, soils, etc.) and the response variable (e.g., runoff). Measurement errors
associated with the observations can potentially vary widely in magnitude in relation to the
spatial and temporal resolution of the inputs and the degree of averaging that was employed to
compute the inputs. In some cases, model inputs are raw measurements, whereas more
commonly they are outcomes from the use of an interpolation method (e.g., precipitation,
temperature) or a deterministic model (e.g., potential evapotranspiration), all of which are
estimated with error. A large error in a model input (i.e., large variability in the error relative to
the variability in the input data) can lead to a biased model coefficient, owing to the errorinduced correlation between the input and the input error (which is realized as a component of
the model residuals); however, under these circumstances the model predictions will remain
unbiased (Montgomery et al. 2006). Large random errors in the response variable can lower
the model precision. New techniques have been advanced to estimate the propagation of
different sources of uncertainties, including data measurement errors, into model predictions
(Ajami et al. 2007; Vrugt et al. 2008, 2009), although not all of the studies employing these
methods have focused exclusively on isolating measurement error effects. Studies (Qian et al.
2005; Wellen et al. 2012) have also evaluated spatially distributed models with explicit flow
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routing, where predictions are conditioned on the observed response variable as in SPARROW,
which leads to error propagation downstream during water and chemical accumulation and
transport and potentially results in serially auto-correlated model residuals (see discussion
below).
Other Bayesian studies have included specific objectives of quantifying the uncertainties
associated with hydrological model inputs, such as the errors that are common to precipitation
data (e.g., Kuczera et al. 2006, Renard et al. 2010; Balin et al. 2010; Ajami et al. 2007; Vrugt et
al. 2008). The accounting for measurement errors in forcing data in these studies have had
mixed effects on model performance, likely reflecting cases of differing magnitudes of error
from different sources and model sensitivities. In one study (Ajami et al. 2007) of a small 1,949
km2 watershed in the state of Mississippi, the model performance was improved with reduced
bias in the predictions, whereas another study (Balin et al. 2010) of a 100 km 2 catchment in
Germany found only minor effects. Vrugt et al. (2008) studied errors in rainfall forcing data for
two small watersheds (<2000 km2) in a five-parameter hydrologic model, and found that the
prediction uncertainties were reduced, with significant changes in the model parameters.
Another Bayesian study of a small 450 km2 watershed in Canada using a SPARROW model of
total phosphorus loads (Wellen et al. 2014) found that acceptable model performance required
the use of informed parameter priors (a feature unique to Bayesian model structures) to
account for very large uncertainties that were observed in the response variable, mean annual
phosphorus loads.
One of the most common and earliest evaluations with Bayesian methods is the assessment of
uncertainties in the model parameters—techniques that are in evidence in earlier Bayesian
hydrological modeling studies (e.g., Bates and Campbell 2001; Kuczera and Parent, 1998;
Marshall et al. 2004). As noted previously, adding complexity to models requires attention to
uncertainty analyses to resolve the uniqueness of the model parameters (Arhonditsis et al.
2008; Bevin, 2001). The hydrological studies cited above occurred during an early period of
advances and increasing use of MCMC methods for sampling the posterior parameter
distributions. One of the studies during this period (Kuczera and Parent, 1998) documented the
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improved efficiency and accuracy of the MCMC Metropolis algorithm to identify the parameter
distributions of a simple water-balance model, for which the exact conditions were known, as
compared to the performance of an existing Monte-Carlo likelihood-based method. Another
multi-method study (Marshall et al. 2004) compared the performance of MCMC sampling
algorithms for a conceptual water-balance model applied to an Australian catchment; four
variations on MCMC Metropolis methods were compared and the authors identified
efficiencies that could assist use of the methods in hydrology. A subsequent and related followup study explored more recent advances in MCMC methods (Smith et al. 2008). There have
also been studies (Marshall et al. 2005; Wellen et al. 2012, 2014) that have included
assessments of informed parameter priors on the posterior parameter distributions and
interpretations with the Bayesian models, related to applications of the methods in data-poor
situations or when physical limits were necessarily imposed on the parameters.
Bayesian studies have also attempted to isolate the uncertainties associated with model
structural deficiencies from those associated with the parameters or model input data.
Structural errors are associated with the inability of the deterministic portion of the model
structure to reproduce the true underlying processes that are responsible for water generation
or contaminant transport, thus representing cases of model mis-specification. In one example,
Marshall et al. (2005) acknowledged the shortcomings of some commonly used model selection
criteria (e.g., Nash-Sutcliffe efficiency; lack of multi-objective functions) as well as information
criteria that penalize model complexity (AIC, BIC). As an alternative, the authors proposed the
use of the Bayes factor and compared its performance to that of more conventional model
selection metrics. Drawing on prior research (Chib and Jeliazkov, 2001), the authors
implemented a computationally undemanding estimate of the Bayes factor as an
approximation to the analytical integration of the marginal likelihood with respect to the prior.
This provided an efficient method of computation of the Bayes factor that could be used to
compare the performance of different hydrological model structures. The author’s noted that
the efficiency of the method was limited for complex model structures, and the results were
sensitive to the choice of prior distributions.
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Other studies demonstrated efforts to provide a comprehensive accounting of all sources of
uncertainties in the model predictions (e.g., Ajami et al. 2007; Vrugt et al. 2009; Kuczera et al.
2006, 2010; Wu et al. 2010; Arhonditsis et al. 2007). For example, Ajami et al. (2007) developed
a hybrid Bayesian framework (IBUNE; Integrated Bayesian Uncertainty Estimator) for hydrologic
models that was designed to account for uncertainties associated with the model forcing
inputs, parameters, and model structure. The approach was presented as an extension of prior
structural assessment methods, including those that have employed Bayesian model averaging
(using likelihood measures as weights) or deterministic weights based on simple model
averages or linear regression. Vrugt et al. (2009) compared the performance of the DREAM
(differential evolution adaptive metropolis) MCMC method to that of GLUE (generalized
likelihood uncertainty estimation) method, a popular likelihood estimation method, and found
similar estimates of the streamflow uncertainties. However, the authors noted the advantage
of the Bayesian DREAM method to estimate the separate effects of errors in the forcing data,
parameters, and model structure on the total uncertainties in the model predictions.
Hierarchical Bayesian modeling studies
Bayesian techniques have also been used in combination with hierarchical specifications of
hydrologic models to explore different spatial and temporal dimensions of the parameters and
to develop more spatially and temporally complex model structures that are consistent with
the multi-level characteristics of the observations and model errors (Cressie et al. 2009; Wu et
al. 2010). Hierarchical modeling can help to address model structural deficiencies through the
evaluation of multilevel relations in the observed data. This capability allows the model
parameters to be informed by both global (universal) relations that reflect dominant process
effects that are common to the full modeled domain as well as group-specific relations that are
weighted for more local effects of processes (Rode et al. 2010; Cressie et al. 2009). The sharing
of data across space (and time), therefore, represents a compromise in the use of nearby and
distant information, reflecting a partial pooling of the full collection of data under investigation,
with parameters estimated as weighted combinations of the shared data (see prior section).
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Lima and Lall (2010) estimated monthly streamflow using a simple hierarchical scaling model
using drainage area as the primary explanatory variable. The calibration data were from 40
streams of widely varying size in Brazil. The model included hierarchical terms for the scaling
coefficients to reflect regional variability; hierarchical error-variance components were also
specified to account for temporal non-stationarities in the flow records at each site. A
hierarchical structure has also been applied to a nutrient SPARROW model (Wellen et al. 2012),
with time-dimensioned (annual) hierarchical coefficients evaluated for the major explanatory
variables, including nitrogen sources, land-to-water delivery, and in-stream decay. Examples
also exist of Bayesian hierarchical models that employ stochastic representations of hydrologic
responses through time based on the use of temporally varying non-stationary model
parameters (Frost et al. 2007). Frost et al. (2007) also used dynamic linear model components
to describe the model errors; these operated with temporal restrictions such that the
estimation is “backward looking” and determined only by past observations in the hydrologic
records (also see Wellen et al. 2012). Another variation on hierarchical approach was also
recently proposed by Smith et al. (2014), who report the Bayes empirical Bayes (BEB) approach.
This was intended to address the problem of finding acceptable donor-recipient matches
among catchments to facilitate the transfer of hydrologic information to ungauged basins, a
need faced with many classification/regionalization approaches (Waegner et al. 2007). The
method has the objective of estimating the global prior distributions for each hydrologic
parameter, based on the information obtained from the gauged donor catchments.
Schwarz et al. (2011) recently reported the results for a non-Bayesian SPARROW model with
regionalized fixed-effects coefficients for sources, land-to-water delivery, and in-stream decay.
The approach was designed to evaluate the effects on model precision and structural biases
that may be caused by using constant parameter values, which are commonly used in
SPARROW models over regional and continental scales. Although general similarities have been
observed in many of the SPARROW model parameters across large regions (Preston et al. 2011),
there is evidence of spatially correlated prediction biases in national and regional SPARROW
models that may be caused by unexplained regional and local processes (Preston et al. 2011;
Alexander et al. 2008; Smith et al. 1997). Schwarz et al. (2011) evaluated a hybrid national and
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regional specification for two continental-scale SPARROW nutrient models in which the model
parameters varied across three major regions. The hybrid model lowered the standard errors
of prediction of the total nitrogen and total phosphorus models by about 5%. Regional
differences were identified for fewer than 20% of the model coefficients, which was attributed
to the use of very few regional classes. Improved precision was also observed for many of the
model coefficients.
State-space Bayesian modeling
State-space methods (e.g., Liu and Gupta, 2007) have been used with hierarchical Bayesian
modeling techniques to account for the effects of measurement errors in the model inputs and
observations on prediction uncertainties; however, the methods have not received very
frequent use in hydrologic modeling. State-space methods can be used to quantity the
measurement errors associated with data inputs and observations, thereby allowing these
errors to be separated from the process-related uncertainties of the deterministic parts of the
model structure. This can provide insights into spatial and temporal variability of model
uncertainties, which can potentially reveal information about the causes of process-related
variations that are unaccounted for by the model structure. The methods are designed to
model the evolution of the unobserved “true” conditions of a state variable (e.g., streamflow)
over space and time based on information that can be extracted from the observations of that
variable, which are measured with error.
As an illustration, the state-space method can be described as follows for a case where the
objective is to quantify the mean streamflow using a spatially explicit source-transport model
such as SPARROW, recognizing that streamflow is measured with error. The state-space
specification can be characterized by a hierarchical, nested structure that simultaneously tracks
the two components of the model uncertainties: (1) idiosyncratic measurement errors (e.g.,
sampling errors) that are associated with the observed streamflow data; and (2) latent processrelated variability that is associated the unobserved “true” process-related variations in
streamflow. The hierarchical structure nests a “state transition” or process model equation of
the true streamflow variability (with a process uncertainty component) within a second
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“observation” equation that tracks variations in the observed flow data (and a measurement
error component). In a hydrologic model with flow routing and accumulation, the
measurement errors and process uncertainties are separately tracked and quantified through a
spatially recursive algorithm that allows only the process uncertainties to propagate
downstream in the river network with the accumulation of water or chemical mass. The
algorithm prevents the propagation of measurement errors downstream, which are considered
to be an idiosyncratic component of the uncertainties associated with the observations at the
calibration monitoring sites.
Most of the Bayesian hydrological modeling studies reported in the literature have employed
state-space methods using temporally-recursive structures with spatially lumped parameters
(e.g., Vrugt et al. 2005; Wu et al. 2010). Wu et al. (2010) used a hierarchical Bayesian statespace method with a simple water-balance model to estimate daily soil moisture levels in the
Coweta watershed in western North Carolina. Vrugt et al. (2005) developed the SODA
(simultaneous optimization and data assimilation) method, which was applied to a conceptual
hydrologic watershed model, developed for the Leaf R. watershed (<2000 km 2) in the state of
Mississippi. In the study, the authors verified the hypothesis that the updated time series of
streamflows from the state-space model contained valuable information about the model
structural errors, but they found that some of the information (driven and non-driven quick
flow components) lacked any evidence of a systematic structure that could be used to update
or improve the model. By contrast, the non-driven slow flow component displayed a linear
correlation with flow that was used to improve the accuracy of the model predictions during
low flows.
Hierarchical Bayesian state-space methods have been previously applied to the SPARROW
model using a spatially-recursive structure (Qian et al. 2005; Wellen et al. 2012, 2014) similar to
that illustrated for streamflow above. These studies have emphasized several information
needs for SPARROW modeling, which Bayesian techniques (hierarchical and state-space) can
help to address. First, there’s the need for the hierarchical treatment of parameters to
evaluate space (and time) variability; most SPARROW models have been applied over large
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regions with constant parameter values (e.g., Preston et al 2011), although some exceptions
have been reported (Alexander et al. 2004; Garcia et al. 2011). Second, there’s a need for the
model parameters to be informed by prior knowledge to address uncertainties that can arise
for the parameters of models applied in data-poor watersheds (e.g., few monitoring sites or
limited spatial variability in environmental conditions), where the coefficients can be difficult to
statistically estimate. Such information could include estimates of source-related nutrient
export coefficients associated with different land-use types (Wellen et al. 2014) or in-stream
nitrogen decay coefficients (Alexander et al. 2009) that have been reported in the literature.
Bayesian priors provide a structural component that can allow these types of data to inform the
model estimation.
Finally, there’s a need to account for the potential effects of uncertainties in the response
variable of SPARROW (an observed quantity with measurement-related error) on the accuracy
of the model and predictions. In the case of chemical load (e.g., nitrogen), the SPARROW
response variable (mean annual or mean seasonal load) is an estimated value that is obtained
from the application of rating curve models to individual monitoring site records. These models
are based on statistical fits to in situ stream measurements, and therefore, the reliability of the
load estimate at an individual site varies as a function of the rating model fit (RMSE) and
statistical properties of the observations (e.g., sample size, censored data). For streamflow, an
annual or seasonal mean is expected to include sampling-related measurement error that is
associated with the daily flow values, obtained from rating curve records of stage and
discharge, which are subject to uncertainties. For example, the errors in flow measurements
are known to vary in relation to differences in channel morphology, related to sampling errors
caused by instabilities in the channel cross-section (Harmel et al. 2006). Spatial differences in
climate that influence stream morphology could potentially give rise to regional differences in
the errors, such as those recently observed in USGS assessments of gauge rating-curve
accuracies (J. Kiang, USGS, written comm., 2015). State-space Bayesian methods are designed
to account for measurement errors in the model observations and provide a more precise
specification of the SPARROW model uncertainties than that of the conventional non-Bayesian
model.
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In relation to the potential effects of uncertainties in the response variable, specific concerns
have been raised in the literature (Qian et al. 2005; Wellen et al. 2012, 2014) about the use of
prediction conditioning in SPARROW and the possible adverse effects of this on model
performance. In SPARROW, reach-level predictions are conditioned on upstream monitoring
data loads, such that the observed mean estimates of streamflow or chemical load are
substituted for model predicted flows or loads on monitored stream reaches, thereby allowing
the response variable of the model (e.g., mean annual load) to be used as an explanatory
variable to predict downstream loads. Prediction conditioning is used in SPARROW because it
can provide more accurate information for estimating downstream conditions than relying on
the upstream model predictions alone and because it provides a method to reduce spatial autocorrelation in the residuals (Schwarz et al. 2006). However, prediction conditioning allows
measurement errors associated with the response variable to be propagated downstream as
part of routing and the accumulation of water volume or chemical mass. This raises concerns in
cases where the measurement errors are large, given that this may potentially cause serially
(i.e., hydrologically) auto-correlated model residual errors (Qian et al. 2005; Wellen et al., 2012;
2014). This violates the assumption of independence of the model residuals, and could lead to
inaccuracies in estimates model precision and prediction uncertainties. In cases of large
measurement errors, serially auto-correlated model residuals might be more likely to occur for
models with appreciable hydrologic nesting of monitoring sites. This may include sites on large
streams and rivers, where most of the watershed area is monitored by nearby upstream sites
with large drainage areas; close spacing of monitoring sites along rivers could accentuate these
effects. In the SPARROW state-space specification, only the process-related uncertainties (and
not the measurement errors) are propagated in the river network as part of flow routing and
mass or volume accumulation, preventing any undue influence of the measurement errors on
the estimate of model parameters and prediction uncertainties.
Bayesian state-space methods were previously used in several SPARROW studies (Qian et al.
2005; Wellen et al., 2012, 2014) to address the possible effects of uncertainties in the response
variable of the model, with other Bayesian features (e.g., hierarchical parameters) being used
to varying degrees. Qian et al. (2005) applied Bayesian techniques to SPARROW in three
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watersheds in eastern North Carolina (~30, 000 km2) by updating a previous SPARROW model
(McMahon et al. 2003) of mean annual total nitrogen using a Bayesian non-hierarchical model
structure. The non-hierarchical specification did not allow the model coefficients to vary in
space across the modeled spatial domain. Three Bayesian model specifications were evaluated,
including a conventional non-hierarchical model (MCMC), a state-space non-hierarchical model
(STSP), and a state-space model with a spatial covariance component to account for spatial
correlation in the model uncertainties among neighboring reach catchments (i.e., CARconditional autoregressive); the coefficients in all of the models were fixed and not allowed to
vary spatially. Results for the STSP model showed negligible effects of the response variable
uncertainties on model parameters and prediction uncertainties. The CAR model was found to
perform the best among the three models according to Bayes Factors and DIC (Deviance
Information Criterion) model selection metrics. The CAR model attributed most of the model
uncertainties to error components that were spatially correlated among neighboring
watersheds, rather than measurement errors in the response variable. Although not examined
in this study, one question is how much of the improved performance by the CAR specification
was related to model mis-specification associated with regional prediction biases that were
reported for the original model in a previous SPARROW study (McMahon et al. 2003). Related
to this, the use of hierarchical spatially-variable model coefficients for the source and transport
explanatory variables could potentially account for some of the spatial covariance structure
quantified by the CAR model; however, the use of this specification depends on the diversity
and size of the watersheds under examination.
Wellen et al. (2012) modeled temporal variability in mean annual total phosphorus for the
years 1988 to 2009, using six monitoring sites and a total of 118 reach-level catchments in the
Hamilton Harbor watershed (450 km2), located at the western end of Lake Ontario, Canada.
The station estimates of mean annual load spanned from 13 to 22 years depending on the
length of water-quality records for the sites. Six different variations of the Bayesian MCMC
model (SWALLOW; SPARROW with annual loads of watersheds) were evaluated. These
included a baseline MCMC model, models where selected parameters types (source, landwater-delivery, stream decay) were allowed to vary through time, and a MCMC model with a
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first-order serially auto-correlated error component (this shares structural similarities to
dynamic linear models). The results indicated that the model with a serially auto-correlated
error component performed better or equally to that of the hierarchical models with
temporally varying model coefficients. Both of these specifications performed better than the
conventional non-hierarchical MCMC. No comparisons were conducted with non-state space
models in this study.
In a follow up study, Wellen et al. (2014) modeled long-term mean annual total phosphorus
using a Bayesian SPARROW model for the Hamilton Harbor watershed. The authors evaluated
five aspects of the model estimation, including the effects of the state-space specification
(STSP), the use of prior conditions on the source coefficients, the use of uncertainty constraints
on the phosphorus load estimates (i.e., a data-quality submodel), the effects of the CAR spatial
covariance component, and the use of prior conditions on the parameter covariances, using
assumed values from Qian et al. (2005). The performance results indicated that when the dataquality submodel constraints (i.e, priors set on the uncertainties in phosphorus loads) were
included in all of the models, the more simple MCMC models were favored relative to the CAR
or STSP. However, a parsimonious STSP model without the data-quality submodel was favored
over the simple MCMC model that included the submodel component, indicating that, although
these models are structurally identical, the parsimonious STSP is likely favored because of the
added flexibility associated with its less constrained error variance term. In contrast to the
findings of Qian et al. (2005), the STSP was favored over the CAR model, possibly owing to the
small study area with less variability in geospatial conditions that might influence stream loads
(Wellen et al. 2014). Models that included priors on the parameter covariances performed only
slightly better than the MCMC models. The authors concluded that accounting for
uncertainties in the response variable had the most favorable influence on model performance
among all of the evaluated refinements to the SPARROW model. Also, the more parsimonious
STSP model without the data-quality submodel appeared to provide the most robust estimation
of the measurement error effects. The authors also concluded that placing restrictions (priors)
on the parameter covariances offered little improvement in performance, and models with the
more flexible covariance structure performed somewhat better. They offered some caution
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about imposing too severe a constraint on parameter covariances in view of the lack of
sufficient prior information. The authors also suggested that their findings may be consistent
with those of other researchers (Hong et al. 2005), who have reported that the assumptions of
independence in the covariance may offer some robustness in Bayesian analyses.
To date, the applications of Bayesian state-space methods to SPARROW (Qian et al. 2005;
Wellen et al., 2012; 2014) indicate somewhat mixed results about the value of the state-space
specification and the potential effects of uncertainties in the response variable on model
performance. The use of state-space methods in the study by Qian et al. (2005) indicated that
measurement uncertainties in the response variable had negligible effects on model
parameters and prediction uncertainties, and that the state-space model performed similarly to
the standard MCMC model; the primary source of model uncertainty stemmed from spatial
correlation in the model errors. The study by Wellen et al. (2014) indicated favorable
performance by the state-space model and revealed improved model performance when
measurement uncertainties were accounted for. However, the small size and limited spatial
variability of the explanatory variables in the 450 km2 watershed and large uncertainties in the
response variable loads make it difficult to identify the implications for other SPARROW models
or, in general, to spatially-distributed watershed models where prediction conditioning is used
to inform model estimation. For example, it is unclear how the results (Wellen et al. 2014)
might apply to larger geographic areas and to models with more accurate stream load
estimates, features that are more common to other large-scale SPARROW applications. Thus,
these findings suggest that additional model evaluations are needed that include watersheds
with a greater diversity of environmental conditions and watershed sizes.
Some limited information on the effects of uncertainties in the response variable on model
performance is also available from other SPARROW studies. One (Alexander et al. 2008)
evaluated the effects of uncertainties in the SPARROW response variable (mean annual nutrient
load) on model coefficients and prediction accuracy. In nationally calibrated nutrient models,
weighted nonlinear least squares estimation was performed to account for the fraction of the
residual variability of the model that was explained by uncertainties in the monitoring station
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mean annual load estimates. The weighted estimation of the SPARROW total nitrogen model
improved the model accuracy by about 3% compared with that of the unweighted model; the
weighted model also displayed slightly more constant variance and normal residuals and higher
levels of statistical significance for selected parameters. By contrast, the total phosphorus
model was not improved by using the weighted load estimates. Also, a more recent SPARROW
total nitrogen model for California (Saleh and Domagalski, 2015) used a similar weighted
nonlinear least squares model that accounted for uncertainties in the mean annual load
estimates at the calibration stations. The effects of these uncertainties on model accuracy
were relatively minor and coefficients changed by a median of about 6%. In addition, previous
evidence of spatial biases in the predictions of some SPARROW models (Preston et al. 2011;
Schwarz et al. 2011) could partially reflect the effects of serially correlated load measurement
errors, but may also reflect spatially auto-correlated errors related to poorly specified
components of the models. Thus, the explicit role of propagated uncertainties in the response
variable has not been quantified in most prior regional SPARROW studies, especially given that
the estimates of spatial autocorrelation in SPARROW models (e.g., Hoos and McMahon, 2009)
may reflect the aggregate influences of various causes of spatial correlation in model residuals.
Geographical and computational scope of the Bayesian studies
Despite progress in the use of Bayesian methods in hydrological modeling studies over the past
decade or more, the methods have been applied primarily to small catchments with poor
representation of the diversity of climate, soils, vegetation, and other conditions in watersheds.
Most of the hydrologic modeling studies have been applied to catchments ranging in size from
<1 km2 to 2,000 km2 based on a sampling of the primary studies in the literature. These include
small drainages, for example, in western North Carolina (Wu et al. 2010, 2012; Vrugt et al.
2005,2008), Montana (Smith et al. 2010), Mississippi (Ajami et al. 2007), southern Canada
(Wellen et al. 2012, 2014), New Hampshire (Hong et al. 2005), New South Wales, Australia
(Marshall et al. 2005), and central Germany (Balin et al. 2010). The largest applications were
made to the Coastal Carolina area of the eastern USA (~ 30,000 km2; Qian et al. 2005), the
Pacific Northwest (~700,000 km2; Najafi and Moradkhani, 2014); 40 watersheds in Brazil,
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ranging in size from 2,588 to 823,555 km2 (Lima and Lall, 2010), and a 15,000 km2 drainage
outside of Sydney, Australia (Frost et al. 2007). The limitations in scope reflect the research
focus of most of the studies, which have often relied on field data that are typically available for
small experimental catchments. However, these studies may also reflect the computational
limitations of the model designs and the Bayesian MCMC algorithms during these periods.
Only recently, hydrological researchers have cited computational limitations of the current
generation of Bayesian MCMC methods for even moderate calibration data record lengths,
such as those spanning a few years of daily data (Kuczera et al. 2010). This has partially
motivated the search for more efficient algorithms, such as “block updating” (Kuczera et al.
2010; Smith et al. 2008). There have also been concerns expressed about inefficiencies in the
exploration of the parameter space that can contribute to long computational times and
present challenges in achieving convergence (Smith et al. 2008).
Recently, a new Bayesian inference method, called Stan (Stan Development Team, SDT, 2015a),
was released by Columbia University (release date: August 30, 2012), and was used in this
study. Stan was designed for the efficient application of Bayesian methods to complex
hierarchical models that are often challenging to estimate using alternative methods (e.g.,
WinBUGS, Lunn et al. 2000). Stan has been reported to be about 10x faster than the alternative
methods (SDT, 2015a). Stan is an open-source software package, available with an R interface
(RStan; SDT, 2015b); the C++ compiler (SDT, 2015c) facilitates the translation of R-based
instructions into C++. The use of C++ dictates the use of an imperative programming structure
for the specification of the model and parameters priors (i.e., the sequential logic of the
computations is specified and the flow of the execution of statements is explicitly controlled as
a sequence of steps). This differs from the declarative programming structure that is common
to WinBugs (Lunn et al. 2000) in which the logic of the computations is specified in a conceptual
manner and the flow of the statement execution is not controlled by the user. The imperative
structure, in which the sequence or order of the programming instructions matters, offers
certain advantages in developing generalizable and flexible code for hydrologic models.
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Stan uses Hamiltonian Monte Carlo (HMC; or Hybrid Monte Carlo; Neal, 2011) sampling with
Markov chain methods to enhance the efficiency of the exploration and integration of the
posterior distribution. HMC optimizes the gradients of the negative log probability function for
the posterior distributions. By comparison, Bayesian methods based on simple random-walk
methods (Metropolis) generally proceed at a slower rate with less coverage of the feasible
sampling domain for a given number of iterations (Neal, 2011). Thus, a key benefit of HMC is
the general tendency to avoid random-walk behavior through a more systematic sampling of
the parameter space (Neal, 2011). HMC provides an approximate numerical solution to the
differential equations that simulate Hamiltonian dynamics of motion (potential energy
function), with iterative updates of the location and momentum parameters of the Hamiltonian
equations that govern the trajectory associated with changes in the sample points. The method
also uses a No-U-Turn sampler (NUTS; Hoffman and Gelman, 2014) to enhance the efficiency of
the tuning parameters (step size, number of steps) during the warmup and sampling phases of
the MCMC simulations. During the warmup (“adaptation” or “burn-in”) phase of the
simulation, NUTS optimizes the step sizes for a specified Metropolis-Hastings rejection rate and
estimates the step sizes for each parameter. During the sampling phase (which provides the
posterior distribution from which Bayesian inferences are made), NUTS optimizes the number
of “leapfrog” steps within each iteration using a geometric criterion that avoids trajectories that
are likely to turn in the direction of the initial sampling state, thereby ensuring that the
trajectories are more efficiently explored. In addition to their improved efficiency, HMC with
NUTS has been credited with being capable of effectively sampling from multivariate densities
with high correlations (Hoffman and Gelman, 2014).
Related to the computational assets of Bayesian methods, it is important to note that the
methods offer a unique advantage in cases where the response variable of the hydrological
model is subjected to a monotonic transformation, such as a natural log. Such transformations
are common hydrological and biogeochemical studies and are universally used for the response
variables of the SPARROW model (Schwarz et al. 2006). When a non-Bayesian method, such as
nonlinear least squares is used to model log-transformed streamflow or a chemical load, a bias
re-transformation correction is necessary when making a point estimate, such as a mean,
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because the mean is not invariant to the transformation. However, a bias retransformation
correction is not necessary with Bayesian methods (Stow et al. 2006) because the posterior
distribution of predicted values can be transformed to original units (without any concerns
about bias), and a mean can be computed from the distribution. This attribute is notable in
view of the challenges of obtaining reliable estimates of the bias retransformation factors,
which are based on the model error variance (Stow et al. 2006), and especially for small sample
sizes and models with large uncertainties where reliable correction factors can be difficult to
obtain (Cohn et al. 1992).
As a final note on the computational aspects of Bayesian methods, it is noteworthy that
hierarchical, random-effects models can also be estimated using MLE (Maximum Likelihood
Estimation) techniques; although Bayesian methods have certain advantages that have
contributed to their increasing use in watershed modeling. First, MLE is computationally more
difficult when the group-level sample sizes are small. Second, Bayesian methods have greater
flexibility such that prior information on the model parameters can be incorporated that may
have varying levels of certainty; note, however, that in cases where the prior parameter
distributions (model parameters and hyper-parameters for the prior distributions) are assumed
to be uninformed (“diffuse-prior” Bayesian models; Browne and Draper, 2006), MLE will give
similar results as Bayesian methods for large samples. Third, the current Bayesian search
algorithms and software for simulating and sampling from posterior distribution, such as those
employed in this study (SDT, 2014a), offer certain computational and coding advantages over
MLE methods as described earlier. Finally, Bayesian simulation methods do not require the
estimation of a bias retransformation correction factor (Stow et al. 2006) as noted above.
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CHAPTER 2
METHODS

2.1 Conceptual framework for the SPARROW streamflow models
This section establishes a foundational SPARROW equation for streamflow and describes the
incorporation of a conceptual deterministic water-balance model to predict water runoff in
reach-level catchments. The streamflow model employs the SPARROW modeling framework
(Schwarz et al, 2006). Conceptually for streamflow, this describes the generation and transport
of water within a river network according to a hybrid combination of process-related
components and statistically estimated parameter values and model uncertainties. The spatial
infrastructure (Fig. 2.1) is defined by vector-based, one-dimensional stream channel flowlines,
organized according to a network of stream reach segments that extend from one reach
tributary junction to another (e.g., geospatial datasets such as the National Hydrolography
Dataset—1:100,000 scale; and the USEPA River Reach File—1:500,000 scale, Nolan et al. 2002).
The flowlines define the hydrological linkages among individual catchments (and their
incremental drainage areas and associated attributes) within the network. In the streamflow
model, water volumes are generated as a function of the measured climatic and landscape
conditions in each incremental drainage area. Water volumes are aggregated and routed
downstream based on the application of a spatially explicit, nonlinear transport equation,
which includes mass balance constraints and non-conservative water transport (Smith et al.
1997; Schwarz et al. 2006); the model has properties similar to those represented in a onedimensional advection-dispersion equation (Alexander et al. 2009).
The response variable of the SPARROW streamflow model is the total water volume averaged
for mean annual or mean seasonal periods. The total water volume as typically measured at
stream monitoring gauges (e.g., daily streamflow) is inclusive of various water sources,
including surface runoff, soil water from shallow sub-surface flows, and ground water. The
model specifications presented here are not designed to provide an explicit representation of
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these separate water sources. Their individual or integrated effects may be potentially
correlated with the explanatory variables that are used in the model (e.g., land use, land slope,
vegetation), in which case the separate water sources would be either partially or fully
accounted for by the model structure. However, to the extent that the model structure
excludes their effects, these water sources would be associated with the model residuals and
reflect a mis-specification of the model. Note that such mis-specification will be associated
with one or more of the uncertainty sources (i.e., measurement error, process uncertainties)
that are estimated by the state-space model described in section 2.5.
According to the conceptual streamflow model, the stream water volume (e.g., mean annual,
seasonal, or monthly,

) at the outlet of a reach, i, is expressed as a function of the stream

water volume ( ) entering from the upstream reach outlet, j, and the water volume (

)

generated in the incremental area of reach i (i.e., the incremental contiguous drainage area
located between reach i and j), and delivered to the reach outlet (Fig. 2.1), subject to in-stream
and reservoir attenuation ( ) that results

Figure 2.1. SPARROW conceptual illustration of the reach network for four incremental catchments.

from evaporation from the water surface and/or recharge to the subsurface along reach i, such
that,
∑
where

(2.1)

reflects a lower average level of attenuation (i.e. water loss) that is expected for

incremental water volumes, which do not receive the complete level of attenuation that would
occur for water transported along the full reach length; therefore, the incremental water
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volumes are assumed to be subjected to only one-half of the full attenuation of a reach on
average. The term ∑

corresponds to the stream water volume leaving the set of reaches

Ji, directly upstream of reach i. The water volume generated for reach i (Fig. 2.2) is defined
according to
(2.2)
where

is the “natural” unit-area water runoff, based on a application of a Thornthwaite

water-balance conceptual model (Wolock and McCabe, 1999; McCabe and Wolock, 2002) to
the incremental catchment area for each reach, and

is a “land-to-water” delivery factor that

accounts for additional attenuation (demand) or water supply enhancement as a function of
natural climatic and landscape properties and cultural characteristics that are specific to the
reach catchment, such as land use, vegetation, soils, topography, geology, and ancillary climatic
factors such as dryness indices. The former component ( ) describes the expected “natural”
unit-area water runoff response for the incremental drainage area, conditioned on the
prevailing climate (precipitation, temperature) and soil moisture conditions in the catchment,
the principle variables in the Thornthwaite model. The latter component ( ) is an interaction
term that accounts for transport-related processes, natural and anthropogenic, that are not
explicitly included in the Thornthwaite model, but are known to influence water availability and
demand.
The Thornthwaite model applies fundamental continuity principles to account for the primary
factors that govern water cycling processes, including climatic supply (precipitation, P), energy
demand (evapotranspiration, ET), and changes in subsurface water storage ( S) that occur as a
function of changes in soil moisture conditions, such that,
(2.3)
In the Thornthwaite application (Fig. 2.2), water runoff in a given month is estimated as the
water surplus that results after the monthly climatic demand for water has been satisfied. The
runoff in a given month is a combination of water releases from three sources
(contemporaneous and antecedent) in the catchment: (1) the monthly precipitation that
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Figure 2.2. Streamflow conceptual model with water-balance runoff inputs to SPARROW represented as a
combination of three water releases to the incremental reach catchment.

enters the stream directly as runoff via overland flow including flow from impervious surfaces;
(2) a portion of the precipitation that exceeds the sum of the monthly soil moisture storage
capacity and the monthly water demand, as measured by the potential ET, enters the stream as
runoff, with a remaining portion entering the subsurface as recharge; and (3) the release of a
portion of the antecedent surplus water that has accumulated in sub-surface storage from
previous months. The potential ET is driven by the effects of solar radiation on evaporation and
transpiration, which are estimated as a function of mean temperature and daylight hours for
each month (Hamon, 1961). The actual ET that occurs is dependent on the available water
from precipitation and soil moisture stores: where the precipitation exceeds the potential ET,
the actual ET is equivalent to the potential ET; where the potential ET exceeds precipitation, the
actual ET is equivalent to the precipitation quantity plus the amount of water that can be
removed from soil moisture stores to satisfy the remaining water demand (as defined by the
difference between potential ET and P). The fraction of this remaining demand that can be
removed from soils declines linearly with decreases in the soil moisture storage. The conceptual
model also accounts for the short-term storage of snow precipitation and its subsequent
release by melting, which contributes recharge to the soil moisture stores; snow storage and
melt conditions are a function of temperature and elevation (precipitation was defined as snow
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storage for temperatures < -10 degrees C. for elevations <= 1000 meters and for temperatures
< -1 degree C. for elevations > 1000 meters; for temperatures less than 3.3 degree C. and above
the prescribed temperature limits associated with elevations above and below 1000 meters,
the snow storage quantity decreases linearly with temperature; see Wolock and McCabe,
2000).
The unit-area runoff is calculated for each month and incremental catchment based on a
deterministic application of the Thornthwaite model using a mean monthly time series of
precipitation and temperature and a spatially variable (but temporally constant) soil moisture
storage capacity determined from local measurements of the depth to shallow water and soil
profile depth. Monthly runoff volumes were summed to produce annual and seasonal
(January-March, April-June, July-September, October-December) unit-runoff volumes for use as
water inputs to the mean annual steady state and the mean seasonal dynamic SPARROW
models, respectively, as described in subsequent sections. The deterministic calculation of
monthly unit-runoff volumes in a step prior to, and independent of, their use as an explanatory
variable in an estimated SPARROW model (equations 1-2) facilitated the coupling of a simple
water-balance model with the SPARROW geospatial framework. This simplification also
allowed for the more efficient estimation of the model using computationally demanding
Bayesian simulation techniques. The use of the water-balance predictions of unit-runoff as
inputs to SPARROW, rather than the estimation of a fully integrated SPARROW-Thornthwaite
model in a dynamic monthly version, was supported by preliminary evaluations of the
integrated model (similar to the model specifications in sections 2.2 and 2.4). In these
evaluations, statistically estimated parameters were evaluated for all internal Thornthwaite
water-balance processes, with attention to examining different combinations of estimated
parameters. Only runoff (excess available water and surplus storage) and soil-moisture storage
capacity were found to have unique and identifiable parameters in nonlinear least squares
estimations, with other parameters showing high correlations and insensitivities. Therefore,
streamflow was found to be sensitive to very few of the internal water cycling components of
the water-balance model, results that are generally consistent with a previous comparison
(Alley, 1984) of empirically-estimated Thornthwaite and similar water-balance models. In
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addition, the performance of SPARROW models with source inputs of unit-runoff from the
Thornthwaite water-balance model (equations 2.1-2.2) was found to be superior to models that
alternatively used the inputs to the water balance model as explanatory variables—i.e.,
precipitation as a source term and temperature and soil moisture capacity as delivery
(interaction) factors (see results in section 3.1). Thus, restricting parameter estimation to the
SPARROW model, and using unit-runoff from the Thornthwaite water-balance as a source
input, was found to be a reasonable approach to satisfy the study objectives.
The net in-stream and reservoir water attenuation (A) that may potentially result from direct
evaporation from the water surface, recharge to the subsurface, or transpiration by riparian
vegetation is modeled in equation (2.1) as a function of the water time of travel and stream
channel / reservoir size. Water loss is expected to be proportional to the residence time of
water in channels and reservoirs and inversely proportional to the water volume in channels
and reservoirs. The latter hypothesized relation is expected to be consistent with that observed
in the literature for nutrients (Alexander et al., 2000; Preston et al. 2011; Boyer et al. 2006;
Alexander et al. 2008), total organic carbon (Shih et al. 2010), and sediment (Brakebill et al,
2010), given that evaporation, recharge, or transpiration losses of water in stream corridors,
expressed as a rate constant per unit of travel time, would be expected to systematically vary
with stream size in a manner that is generally similar to that observed for chemical and
particulate losses (e.g., denitrification, assimilation, settling). Assuming other factors constant,
the loss of water per unit time would be expected to be a larger share of the total volume of a
small, shallow stream than would be expected for a large, deep river. Thus, the net rate of
water loss per unit time would be expected to be approximately described as a first-order
(volume-dependent) process, with larger rate constants expected for small streams where the
surface and benthic areas (and area of riparian vegetation) are large relative to the available
water volume. Likewise, the water loss in lakes and reservoirs is estimated as a first-order
decay function (Alexander et al. 2002; Schwarz et al. 2006) that expresses the loss as being
inversely proportional to areal hydraulic load or water velocity (ratio of the outflow volumetric
discharge to the water body surface area), mediated by an estimated mass-transfer coefficient
(length per time units). The estimated water losses in aquatic systems reflect a net attenuation
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process given that the model and data implicitly account for water inputs to stream channels
and reservoirs from groundwater. The rate constants for stream and lake water loss might also
be expected to vary geographically in response to climatic conditions, with larger rate constants
(and evapotranspiration) expected in the arid and warmer western and southern regions of the
United States.
2.2 Non-hierarchical SPARROW model
Non-hierarchical, fixed effects SPARROW models for steady state and dynamic conditions were
specified by assuming that the model parameters are fixed values applicable to all reaches in
the modeled time and space domains. Each parameter is assumed to have a single true, but
unknown underlying value, with variability in the estimates of the true value caused by
sampling related variation; this implies that the variance of the model coefficients will
asymptotically approach zero as the sample size goes to infinity.
The steady state SPARROW expression (Schwarz et al., 2006) can be written by expanding on
equations (2.1-2.2) to account for multiple upstream reaches and the sources and delivery
processes in the incremental reach, such that
(
where

)∑

(

)

∑

(2.4)

is a single water generating source (expressed as the calculated runoff from the water

balance model; or as precipitation in preliminary model evaluations), mediated by the runoffrelated coefficient , Zmi are m source-specific land-to-water delivery variables (expressed as
an intensive measure), mediated by coefficients

; the functional term, A(), accounts for in-

stream (S) and reservoir (R) attenuation, respectively, that are functions of a set of attenuationrelated variables (

) and associated coefficients (

); and the model error term,

,

is applicable to reaches that are located in the incremental area above each monitored site, s.
Note that the model error is a multiplicative error; reflecting the estimation of the model using
log transformed predicted and observed water volumes. The functional term, A’, represents the
attenuation applied to the stream water volume entering the reach network at catchment i,
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and is evaluated as √ if reach i is a stream (i.e., one-half of the attenuation properties is
applied), and equal to

if reach i is a reservoir. In cases where the upstream reach is monitored

for flow, the observed streamflow is substituted for the predicted streamflow value ( )—i.e.,
occurrences of prediction conditioning. Note that in exploratory versions of the national
streamflow model, the runoff coefficient was treated as a “dummy” variable, defined as

,

where k regional groups are estimated to account for major regional differences in runoff
conditions; this was used to initially evaluate and compare regional runoff effects in the nonhierarchical fixed-effects model and the Bayesian hierarchical model.
The aquatic attenuation for streams is evaluated according to two alternative functional
relations. The first, is a discrete step function in which water loss in streams is estimated
according to a volume-dependent first-order reaction rate expression (Schwarz et al. 2006) that
is a step function of channel size, such that
(
where

)

∑

(2.5)

is the reaction rate constant expressed in units of reciprocal time for n stream size

classes (based on mean streamflow), and

is the mean water time of travel. Secondly,

streams water loss is estimated according to a continuous function of the mean water travel
time and mean water depth,

, such that
(

where

)

(2.6)

is an estimated first-order mass-transfer flux rate coefficient in units of length per

time (Alexander et al. 2008). The mass transfer rate constant is independent of properties of
the water column that are proportional to water volume, such as depth and streamflow. The
rate can be re-expressed as a reaction rate coefficient (per unit time) that is dependent on
depth (or volume) by dividing by the mean water depth.
For reservoirs, the attenuation is described as a first-order rate expression (Schwarz et al. 2006)
such that
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(

where

)

(

(2.7)

)

is the apparent settling velocity expressed in units length per time, and

is the

areal hydraulic load in units of length per time, computed as the ratio of the reservoir outflow
(volume per time) to the reservoir surface area. Note that the settling velocity and reaction
rate expressions are mathematically equivalent, with the former generally more consistent
conceptually with water flux (recharge) to the subsurface (Schwarz et al. 2006, Chapra, 1997).
In estimating equation (2.4), the model predictions in reaches are conditioned on monitored
upstream streamflow (as described in the introduction) by substituting the observed water
volume for model predictions of water volume in monitored reach segments. If reach i is
monitored, a model residual in logarithm space,
volume,

, and modeled water volume,

, may be determined from monitored water

, given by equation (2.4) such that

. The residuals are assumed to be independent, identically distributed, and have zero
mean. A fixed-effects specification is estimated with Bayesian methods by assuming relatively
uniformed parameter priors described by a random uniform distribution, with lower and upper
bounds partially informed by the initial use of nonlinear least squares (NLLS) optimization
methods. NLLS determines the values of the coefficients ,

that minimize the sum of

squared residuals across all monitored sites. As described in section 2.7, the model is initially
estimated using NLLS to identify the appropriate level of model complexity (i.e., unique
parameters) that is supported by the data, which provides a more computationally efficient
evaluation of both the non-hierarchical and hierarchical Bayesian models.
A dynamic SPARROW model expression with fixed-effects can be described as,
(

)∑

(

)

∑

(2.8)

where t is the time step of interest (t equals the product of the number of months and years of
observed streamflow). In cases where the upstream reach is monitored for flow, the observed
streamflow is substituted for the predicted streamflow value (

). The runoff source variable

(or precipitation in preliminary model evaluations) varies with time as a function of a series of
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seasonal values of runoff (or precipitation) that are obtained from the monthly Thornthwaite
water-balance model (see section 2.1). Land-to-water delivery variables are assumed to be
identical across all time steps. Stream water attenuation is estimated as a discrete step
function, such that the water loss in channels varies over time as a function of a set of discrete
values of the reaction rate coefficients corresponding to step changes in flow and water time of
travel in channels, such that
(

)

( ∑

)

(2.9)

The alternative continuous stream water attenuation function with an estimated mass-transfer
rate coefficient is also evaluated, such that
(

)

(

)

(2.10)

And the reservoir attenuation factor varies over time as a function of changes in reservoir
outflows, such that
(

)

(

(2.11)

)

All model coefficients are assumed to be time invariant, and are thus fixed quantities applicable
to the entire spatial domain across all time steps. The transient storage and release of water in
soils and the subsurface is not modeled explicitly as part of the SPARROW estimation of the
model; rather lagged water storage effects on the seasonal runoff are accounted for as part of
the prior calculation of monthly runoff in the Thornthwaite water-balance model. Therefore,
the streamflow volume is modeled within a reach segment as a steady-state process in each
month under the assumption that the runoff entering the reach and the channel/reservoir
conditions (flow, cross-sectional area) are constant during each month.
Substitution of the modeled water volume,

, for the observed water volume,

, is according

to the methods described previously for the steady state model, with the model error,
assumed to be independent and identically distributed with a mean equal to zero. NLLS

,
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estimation of the model minimizes the sum of the squared residuals across all monitored sites
and seasons.
2.3 Steady state hierarchical Bayesian model
The SPARROW steady state expression with hierarchical random effects is a modified version of
equation (2.4) with multilevel spatially variable effects on both the model coefficients and the
model error. The first level of the hierarchical model is the likelihood model and is defined as
(

)∑

(

)

(∑

where k regional groups are specified, with the model error,

)

(2.12)

, applicable to reaches that are

located in the incremental area above each monitored site, s. For log transformed values of the
predicted and observed mean annual water volume at monitored reaches, the distribution of
the model error is assumed to be described as a normal distribution, such that
(2.13)
where

denotes the variance of the model errors (i.e., the within-region variance in the

water-volume response), which is assumed to vary across the k regions. The prior distribution
for

is a positive uniform distribution with a lower bound of zero and upper bound generally

informed from the Root Mean Square Error (RMSE) of the NLLS estimation of the fixed effects
model. In cases where the upstream reach is monitored for flow, the observed streamflow is
substituted for the predicted streamflow value ( ).
An alternative hierarchical specification of the error variance in equation 2.13 is also evaluated
that additionally models heteroscedasticity in the error variance that is related to differences in
watershed size. Some modest to large heteroscedasticity is frequently observed in SPARROW
model residuals (Schwarz et al. 2006; Preston et al. 2011), such that the variance of the errors
tends to be smaller for larger values of predicted load (or streamflow). This is indicative of the
tendency of the model to predict more accurately in large rivers than in small to medium sized
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streams. This pattern may be partially related to the accuracy that is derived from
accumulating mass and water volume (and averaging errors) over large drainage areas. This
includes the effects of measurement and process uncertainties on loads and streamflow that
may scale with watershed size. For example, the larger variability in load and flow over time in
small streams, coupled with the wide diversity of chemical and hydrological processes over
space, likely contributes to a more heterogeneous load and flow response across small
catchments that is challenging for regional- or continental-scale watershed models to
accurately describe. This may yield a large variance in the model residuals for small streams
(note that heteroscedasticity in SPARROW residuals is not strongly related to prediction
conditioning on the response variable).
Therefore, heteroscedasticity is modeled by assuming that the model error is distributed as
(2.14)
where the model error variance,

, is allowed to change in magnitude across reaches

(monitored incremental drainages) in relation to a spatial scaling variable,

(i.e., total

drainage basin area or observed streamflow). Three alternative specifications for the model
error variance are evaluated. In the first, the model error variance is a step function of two
contiguous classes of the scaling variable, such that

{

where

,

, and

(2.15)

, are estimated parameters corresponding, respectively, to the regional

error variance for the lower scaling variable class, the regional error variance for the upper
scaling variable class, and the critical threshold defining the optimal value of the scaling variable
that separates the two variance classes. The step function allows an approximate fit to the two
primary classes of error variance that were observed in the non-hierarchical Bayesian
streamflow model. It is expected that

>

with increases in basin size or streamflow.

because the error variance is expected to decline
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Secondly, the error variance is modeled as a continuous exponential function of the spatial
scaling variable as defined by
(
where

(

)

)

is the estimated regional variance intercept and

and

(2.16)

are estimated slope

coefficients. The log-linear quadratic function in 2.16 allows for a wide range of possible
estimated changes (curvature) in the variance as a function of changes in drainage area size or
streamflow. Negative signs are expected for

and

, corresponding to the expected

decrease in error variance with increasing drainage area or streamflow. Estimation of the
variance function in log units ensures that the error variance is positive.
A third specification models the error variance as a piecewise-exponential function of the
scaling variable defined separately for two contiguous classes of the scaling variable, such that
(

)

(2.17)

where the “max” function yields a zero for the slope coefficient of the upper class of the scaling
variable. Negative signs are expected for

and

, corresponding to the expected decrease in

error variance with increasing drainage area or streamflow.
To quantify the separate effects of the hierarchical specifications of the error components of
the streamflow model, the specifications in equations 2.13-2.17 are initially evaluated in the
non-hierarchical (constant coefficient) version of the streamflow model that was described in
section 2.2. Accordingly, the non-hierarchical streamflow model is modified by separately
adding alternative hierarchical specifications for the error variance (regionality: equation 2.13;
and heteroscedasticity: equations 2.14-2.17 with the regional index k eliminated). This allows
an independent assessment of the effects of heteroscedasticity and regional differences in the
error variance on the model coefficients and precision.
The second level of the hierarchical model in equation 2.12 is the specification of a multilevel
(or prior) model for the parameters. This is defined such that the parameters for each of the
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three explanatory variable types (aquatic attenuation, water source, and land-to-water
delivery) are modeled as regional-level intercepts that describe regional differences in the
effects of latent processes on the water-volume response. The regional effects (intercepts) for
each of the explanatory variables is assumed to have a multivariate normal (MVN) prior
distribution with a global mean, , and variance,

, with all parameter covariances assumed

to be zero, such that,

([
[
where

] [

])

(2.18)

]

is the covariance between the different combinations of model coefficients for the

three variable types and

is the between-region variance. The parameters of the prior normal

distributions are commonly referenced as “hyper-parameters”; these higher-level parameters
reflect shared properties of the data and are distinguishable from the lower-level model
parameters that are intrinsic to the functional specification of the SPARROW model (e.g.,
equation 2.12). Equation (2.14) is re-parameterized by introducing a regionally-specific
standard normal quantile,

, to improve the efficiency of posterior distribution sampling such

that,
(2.19)
(2.20)
(2.21)
(2.22)
The expressions in equations (2.19-2.22) are designed to reduce the correlation between the
global mean and variance in the posterior distributions; such correlations can cause
inefficiencies in model convergence (Stan Development Team, SDT, 2015a) as evidenced by
slow increases in the effective (independent) sample size during iterative sampling of the
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parameter posterior distributions. This is related to sampling inefficiencies that occur when the
density of the sample distribution changes over the sampled gradient, such that the specified
step size for the iterative sampling method may not be optimal across the entire gradient. The
transformation in equations (2.19-2.22) introduces a more efficient sampling of the parameter
space by specifying the unit normal distribution as a prior condition (Stan Development Team,
2014), thereby providing a more stable sampling environment, with faster convergence
properties, for the Bayesian simulation methods used in this study. Note that the specification
of the Bayesian hierarchical model in equation (2.12) can accommodate a mix of fixed- and
random-effects model parameters.
The default condition for the parameter priors (equation 2.14) assumes that each of the
parameter values comes from a separate normal distribution that is shared among all national
catchments, with a parameter-specific national population mean and variance. The hyperparameters (mean, variance) corresponding to each parameter in equation (2.19-2.22) were
assigned a relatively non-informative prior based on a uniform distribution with a national
mean and variance. Parameter bounds for the intervals were specified to allow values to vary
approximately over two orders of magnitude in the vicinity of the NLLS mean estimate of the
parameters.
Because large regional differences might be expected to occur in unit-runoff or other
explanatory variables (e.g., related to arid vs. humid climatic conditions), regional restrictions
on the parameter priors, defined by the use of regional parameter distributions and hyperparameters, could potentially provide a more realistic characterization of the underlying
populations that describe streamflow responses to the explanatory variables. Therefore, the
results of using regionally restricted parameter prior distributions and hyper-parameters were
compared with the results of using the default national parameter priors. The regional
parameter priors were based on two regional classifications: humid eastern regions (HUC-2
regions 1-8) and arid western regions (HUC-2 regions 9-18). The evaluated model specification
included hierarchical unit-runoff coefficients (with regional vs. national parameter priors) and
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non-hierarchical coefficients for the other explanatory variables (land-to-water delivery, aquatic
water loss).
2.4 Dynamic hierarchical Bayesian model
The SPARROW dynamic model with hierarchical random effects is a modified version of
equation (2.7) that predicts water volume, Vit, for each stream reach segment and for t seasons.
The model allows multilevel effects to be described according to both time and space (i.e.,
parameter variation by season and region, respectively). The specifications presented here are
informed by a previously developed hierarchical SPARROW model that described inter-annual
parameter variability (Wellen et al. 2012) in an application to stream phosphorus in a small
tributary drainage to Lake Ontario, Canada.
The first level equation, the likelihood model, is defined as,
(

)∑

(

)

∑

. (2.23)

Three different hierarchical specifications of runoff are evaluated to assess the effect of varying
temporal complexity in the runoff response, including intra-annual variability (t=4 seasons;
model H-4), inter-annual variability (t=8 years, 2001-2008; model H-8), and intra- and interannual variability (t=32 seasons over 8 years; model H-32). In cases where the upstream reach
is monitored for flow, the observed streamflow is substituted for the predicted streamflow
value (

). The model error distribution is assumed to be identical across all seasons such that,
.

(2.24)

The model errors are multiplicative—based on the use of log transformed values of the
predicted and observed values of the seasonal water volume at monitored reaches. The prior
distribution for

is a positive uniform distribution with a lower bound of zero and upper

bound generally informed from the RMSE of the NLLS estimation of the fixed-effects model.
Evaluations of heteroscedasticity in the model residuals, similar to those for the steady state
hierarchical model, are conducted for the dynamic model.
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The second level equation, the prior model, is defined such that the parameters for the water
source (runoff) and aquatic attenuation variable types are modeled as seasonal intercept terms
that describe temporal (intra- and inter-annual) changes in the streamflow response. The
stream attenuation factors vary over time as a function of flow-related changes in water time of
travel in channels and the stream reaction rate coefficient, such that
(

)

( ∑

)

(2.25)

The reservoir attenuation factor varies over time as a function of changes in reservoir outflows
and the reservoir settling velocity coefficients, such that
(

)

(

(2.26)

)

The land-to-water delivery parameters are modeled as regional intercept terms that describe
spatial differences in the streamflow response. This time-space specification for the three
variable classes was informed by initial model evaluations that revealed larger seasonal
variability in runoff and hydrology relative to the variation observed spatially; alternative
specifications that allowed both seasonal and regional variation in the runoff and hydrologic
parameters produced non-unique (highly variable runoff coefficients) solutions in the Bayesian
simulations. Thus, multilevel influences on the model response were described using
temporally dependent main effects (runoff, hydrology) and spatially dependent land-to-water
interaction effects.
The seasonal and regional multilevel effects are assumed to be normally distributed with a
global mean, , and variance,

, specified separately for each explanatory variable, with all

parameter covariances assumed to be zero, such that,

[

]

([

] [

])

(2.27)
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where

is the covariance between the different combinations of model coefficients for the

three variable types. Equation (2.28) is re-parameterized by introducing season- and regionspecific standard normal quantiles,

and

, respectively, to improve the efficiency of

posterior distribution sampling by reducing correlation between the global mean and variance
in the posterior distributions, such that,
(2.28)
(2.29)
(2.30)
(2.31)
Each of the parameter priors (equation 2.27) assumes that the parameters come from a
separate normal distribution that is shared among all catchments in the modeled domain, with
a parameter-specific population mean and variance. As with the steady state model, the hyperparameters (mean, variance) corresponding to each parameter are assigned a relatively noninformative uniform prior distribution, with parameter bounds for the intervals varying over
two orders of magnitude in the vicinity of the NLLS mean estimate of the parameters.
2.5 Hierarchical Bayesian state-space models
The state-space hierarchical model structure presented in this section provides an enhanced
specification of the SPARROW hierarchical Bayesian models that allow the sources of error that
are responsible for prediction uncertainties to be unraveled, based on a simultaneous
accounting of uncertainties in streamflow observations, parameters, and structural
components of the model. Predictions of streamflow, updated to include the state-space
estimates of the process-related uncertainties, are expected to provide more accurate
estimates of the latent “true” streamflows. The model specifications investigated in this study
are not designed to explicitly model the effects of measurement errors in the explanatory
variables, which are typically difficult to quantify for most watershed models; however, some
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limited analyses were conducted to evaluate these errors because of some evidence of their
potential effects on the state-space outcomes for the national streamflow model.
For the SPARROW steady-state model, a state-space specification can be described by
separating equation (2.1) into two component equations and redefining selected terms. The
first is the “transition” equation, which describes the evolution of the unobserved “true”
process states over space in the river network. These “true” states can be denoted by the
predictions of the water volume in each reach segment and region,

, as a function of the sum

of the attenuated water volume from the upstream reach and the attenuated water volume
from the incremental reach, such that
∑
where

(2.32)

is a latent process-related uncertainty; the process uncertainties are multiplicative

and multiplied by the water runoff generated in reaches that are located in the incremental
area above each monitored site, s. The random effects associated with the process
uncertainties are structured to spatially describe the water runoff generated in incremental
catchments associated with the monitoring sites, the smallest units of observation in the
model.
The process uncertainties (

) reflect variations in streamflow that are unexplained by the

other structural components of the model in equation 2.32, which represent the spatial
structure of the model and the effects of explanatory variables, with rates specified by the
model coefficients. The process uncertainties also include variations that are unexplained by
the measurement errors in the streamflow observations as described below in equation 2.33.
The process uncertainties reflect random and systematic variations in streamflow that are
caused by hydrological processes; these variations may display space/time biases,
heteroscedasticity, nonstationarities, and spatial or temporal correlation. Note that in the
context of the Bayesian posterior distributions, the process uncertainties typically reflect the
full spread of the distribution, which accounts for all sources of variation; these include spatial
(and also temporal for the SRB model) variations in hydrological processes that are unexplained
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by the model structure and include sampling-related errors (e.g., related to the number of
stations and sample sizes). However, in the context of the point estimates of the process
uncertainties (mean annual and mean seasonal) as interpreted in the results chapters, the term
“process uncertainties” is conceptually defined to refer to the former source of process-related
variability and definitionally excludes variations related to the sampling-related errors.
The specification in equation 2.32 does not account for process uncertainties that may occur at
more aggregated spatial scales, such as the uncertainties associated with cumulative processes
that affect water loss in stream channels (e.g., recharge, riparian evapotranspiration). These
process uncertainties might be better accounted for over large river-basin scales or over
spatially variable scales that are associated with changes in stream order. The state-space
models presented here provide an adaptable framework that could be used in future studies to
assess the scalability of process uncertainties.
The second component is the “observation” equation. This connects the observed water
volume data,

, to the unobserved true water volume states,

, at the s monitored reaches,

corresponding to the outlet reach for the incremental area above each site, such that
(2.33)
where

is the i.i.d. measurement error associated with the observed water volumes. Note

that the process uncertainties are propagated downstream as a component of the incremental
streamflow, whereas the measurement error is assumed to be idiosyncratic and is estimated
independently without network propagation (i.e., no prediction-conditioning is performed on
the measurements). The measurement errors in streamflow observations quantify model
uncertainties primarily associated with the measurement of streamflow (e.g., water velocity,
rating curve stability). However, measurement errors are also potentially sensitive to
inaccuracies in locating monitoring sites on reach segments or localized influences on flow (e.g.,
diversions) that are not recognized by the deterministic model structure in equation 2.32 and
not accounted for in the downstream observations of flow within the hydrologically nested
array of monitoring sites.
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The observational errors and process uncertainties are based on the use of log transformed
water volumes, and are therefore specified as multiplicative components. Accordingly, the
uncertainties are assumed to be normally distributed such that,
(2.34)
(2.35)
where

is the measurement error variance and

is the process uncertainty variance, with

variances estimated separately for k regions. Samples from the normal distributions of process
uncertainties describe process-related variations in streamflow associated with the incremental
drainage areas between and upstream of the monitoring sites and the regional areas specified
for the k random effects. For reaches located in the incremental drainages of monitoring sites
that span multiple regional groups (i.e., a total of 4 monitoring sites with incremental upstream
areas within multiple HUC2 regions), all incremental reaches are associated with the most
downstream regional group (i.e., the regional group that is coincident with the location of the
monitoring site; these occurred near the confluence of the Lower and Upper Mississippi, Ohio,
and Tennessee basins). The prior distributions for

and

are positive uniform distributions

for each of k regions with a lower bound of zero and upper bound generally informed from the
Root Mean Square Error (RMSE) of the NLLS estimation of the fixed effects model. The process
uncertainty variance is expected to be in the vicinity of the RMSE of the non-state-space model,
with a generally smaller measurement error variance expected.
The transition equation (2.29) can be expanded by re-writing with terms from the Bayesian
hierarchical steady state SPARROW equation (2.12), such that
)∑

(
(

)

(∑

)

(2.36)

The second level of the hierarchical (prior) model for describing random effects in equation
(2.36) is defined according to the earlier model specification of the priors in equations (2.19-
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2.22) so that the parameters for each of the three explanatory variable types (aquatic
attenuation, water source, and land-to-water delivery) are modeled as random effects. The
default condition for the parameter priors (equation 2.19-2.22) is as described earlier, and
assumes that each of the parameter values comes from a separate normal distribution that is
shared among all national catchments, with a parameter-specific population mean and
variance. The hyper-parameters (mean, variance) corresponding to each parameter are
assigned a relatively non-informative prior based on a uniform distribution with a national
mean and variance, with parameter bounds for the intervals specified to allow values to vary
over two orders of magnitude in the vicinity of the NLLS mean estimate of the parameters.
The SPARROW dynamic state-space model is a modified version of equation (2.22) in which
stream water volume at each reach segment and within each season is defined according to the
following transition and observational equations, respectively, such that,
)∑

(

(

)

∑

(2.37)
(2.38)

where

is the “true” process-related prediction of the reach water volume (transitional

equation) and

is the process uncertainty, estimated for t seasonal time steps for the

incremental area above each monitored site, s, and applied to the water runoff generated in
each of the associated stream reach segments. As with the steady state model, the
observational errors and process uncertainties are assumed to be normally distributed,
respectively, according to
(2.39)
(2.40)
Samples from the normal distributions of process uncertainties describe process-related
variations in streamflow in the incremental drainage areas between and upstream of the
monitoring sites and for seasons as specified for the t random effects.
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The second level of the hierarchical (prior) model for describing random effects in equation
(2.37) is defined according to the earlier prior model specification in equations (2.27-2.31) so
that the parameters for each of the three explanatory variable types (aquatic attenuation,
water source, and land-to-water delivery) are modeled as random variables. As with the
hierarchical dynamic model, each of the parameter priors (equation 2.27) assumes that the
parameters come from a separate normal distribution that is shared among all catchments in
the modeled domain, with a parameter-specific population mean and variance. The hyperparameters (mean, variance) corresponding to each parameter are assigned a relatively noninformative uniform prior distribution, with parameter bounds for the intervals varying over
two orders of magnitude in the vicinity of the NLLS mean estimate of the parameters.
2.6 Case studies and supporting data for model estimation
Two case studies are used to evaluate the application of the non-hierarchical (fixed-effects) and
hierarchical random-effects models. The steady state SPARROW model is applied to
watersheds in the conterminous United States, covering a drainage area of 8.1 million km 2 (Fig.
2.3a). The dynamic SPARROW model is applied over a much smaller area to catchments in the
Susquehanna River basin, a 70, 200 km2 drainage located in the states of New York,
Pennsylvania, and Maryland (Fig. 2.3b). The smaller scale application of the dynamic model
reflects computational constraints that are inherent to the Bayesian simulation techniques. The
land use in the Susquehanna basin is predominately forested (61%), followed by agriculture
(27%), urban area (7%), with small amounts of shrub/grass lands (2%), and wetlands (1%) and
open water (1%).
Two stream reach networks are used. The national RF1 (Nolan et al. 2002) is used for the
conterminous United States with approximately 62,000 stream segments; a 1:500,000 scale
representation of streams; the mean reach catchment size is 60 km 2. The medium-resolution
NHD (http://nhd.usgs.gov/data.html) is used for the Susquehanna basin with 29,760 stream
reaches (a 1:100,000 scale representation of streams); mean reach catchment size is 1.6 km 2;
considering the application of the model to 32 time steps, this application of the model is
associated with an effective reach network size consisting of approximately 950,000 reaches.
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Figure 2.3. Location maps of the SPARROW streamflow model applications: (a) conterminous United States with
1,778 calibration sites and 890 validation sites; boundaries shown for 18 HUC-2 regions; (b) Susquehanna River
Basin with 85 monitoring sites (42 calibration and 43 validation sites); boundaries shown for 19 HUC-8 watersheds.

RF1 catchment delineations are based on the use of 1-km topography, whereas the NHD
delineations are based on 30-m topography. The median incremental drainage size is 1,250
km2 for the 1,778 sites in the national model (interquartile range=475 to 3,225 km2) and 450
km2 for the 85 sites in the SRB model (interquartile range=183 to 1,075 km2).
Streamflow data for the response variable were obtained from stream gaging sites operated by
the USGS and publically available from the National Water Information System (NWIS) water
data portal maintained by the USGS. A comprehensive national set of daily streamflow gaging
sites were obtained from a streamflow availability inventory of data for the period 1900 to
2013 consisting of 23,739 daily flow gages (D. Wolock, written comm., 2014). Site selection for
the Susquehanna River basin was based on information from the Chesapeake Bay Program site
inventory of gages for the Chesapeake Bay watershed (J. Brakebill, written comm., 2012).
For both case studies, daily flow gages with complete flow records (no missing daily values)
were selected for use in calibrating the models. The selection of complete records was
intended to minimize the effects of missing data and sampling-related influences on the mean
annual and mean seasonal estimation of streamflow to provide a more controlled set of
observations for evaluation of the hierarchical methods (future studies are needed to assess
the effects of using less complete streamflow records). For the national model, daily values of

83

streamflow were summed for years and averaged over the 1997 to 2007 period to obtain a
long-term mean flow at each gaged site. For the flow national model, 4,307 sites were initially
selected with a complete 11 years of record for the period 1997 to 2007 (centered on 2002)
and associated with RF1 network reaches. A selection of 3,943 sites was made based on
additional filtering of the sites to eliminate multiple gages per RF1 reach (the most downstream
site was selected), sites with large foreign drainage area (Canada, Mexico) which lack geospatial
data for the models, and sites with major known water diversions that are unaccounted for in
the model or other limitations (unaccounted agricultural return flows, flow network problem;
headwater reaches where the monitoring site area is appreciably smaller than the area of the
reach drainage). Additional filtering ensured a minimum hydrologic distance of separation
between sites, based on a criterion of a minimum of 5 stream reaches between sites (~300
km2); this reduced the sites by one-third, resulting in 2,668 sites. This reduction in monitoring
site density had the objective of reducing the effects of measurement errors in the explanatory
variables, potentially related to the spatial resolution of the data (see Results section 3.4).
Model calibrations were based on a randomly selected subset of two-thirds of the sites (1,778);
model validation was performed with the remaining one-third of the sites (890); the random
selections led to a similar percentage reduction of the number of sites in each of the HUC-2
regions. Further reductions in site density and minimum drainage areas of the sites were
evaluated by imposing a minimum drainage size of 1000 km2 on headwater sites and
incremental areas between sites; this reduced the sites to 1,461 nationally.
For the Susquehanna River basin, 85 gaged sites, with complete flow records for the period
2000 to 2008, were identified for use in calibrating the models. Daily values of streamflow
were summed for each of the seasons (January-March, March-May, June-August, SeptemberDecember) for the 2000 to 2008 period to obtain 36 quarterly values at each site. Model
calibrations were based on the 2001 to 2008 period (32 values) for consistency with the
selected period of runoff values (see below). Model validation was performed by first recalibrating the final version of the model (based on 85 sites) using a random selection of 42
sites and then validating the model predictions for the remaining 43 sites.
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For the national SPARROW model, monthly estimates of major water cycle components were
obtained from a previous application of the Thornthwaite water-balance model (Wolock and
McCabe, 1999; D. Wolock, USGS, written comm., 2014); this application used STATSGO (State
Soil Geographic Data Base; U.S. Dept. of Agriculture, 1993) data on soil properties and climate
data for the conterminous United States (D. Wolock, USGS, written comm., 2014), according to
the methods described in section 2.1. Soil moisture storage capacity was computed as a
product of the soil thickness and the fraction of the soil volume per unit depth that contains
water when saturated (Wolock and McCabe, 1999). Monthly climate data included
precipitation quantity and mean average temperature (from minimum and maximum
measures), reported for 800-m grid cells for the conterminous United States from the PRISM
(Parameter-elevation Relationships on Independent Slopes Model) Climate Group (Daly et al.
2008; http://www.prism.oregonstate.edu/). PRISM employs an interpolation method that
develops a climate-elevation regression in each grid cell that expresses the climatic condition as
a function of the physiographic similarity of the cell to the nearby climate stations, based on
such factors as location, elevation, coastal proximity, vertical atmospheric layer, and orographic
effectiveness of the terrain. The PRISM surface stations for precipitation and temperature
numbered 13,000 and 10,000, respectively, for the conterminous United States. The monthly
Thornthwaite water-balance was previously executed (D. Wolock, written comm., 2014)
separately for each of 64 million 1-km grid cells for the conterminous United States for the time
period 1960-2012. Runoff estimates were based on an assumed coefficient of 0.5 that was
applied to the sum of excess contemporaneous precipitation and antecedent subsurface water
storage (see Fig. 2.2). The monthly estimates from the water-balance model included runoff,
potential evapotranspiration (PET), and actual evapotranspiration (AET), which were extracted
from the prior model calculations for the 1997 to 2007 period and averaged to obtain long-term
mean annual estimates for use in this study. Additional metrics were developed from these
climatic variables for use as explanatory predictors in the national model, including a measure
of the runoff loss potential based on the difference between PET and AET (Wolock and McCabe,
1999), measures of intra-annual monthly variation in the climatic measures (i.e., annual-
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average coefficient of variation for precipitation and temperature), and measures of the
distribution of the monthly precipitation volume.
For estimating the dynamic SPARROW SRB model, estimates of water runoff were based on a
separate coding of the Thornthwaite water-balance model, using similar algorithms as applied
in the USGS national Thornthwaite applications (McCabe and Markstrom, 2007). This
supported preliminary evaluations of a fully integrated SPARROW-Thornthwaite model in a
dynamic monthly time step SPARROW version, in which model parameters associated with
individual Thornthwaite water-balance processes were statistically estimated and their
sensitivities evaluated. The parameterized processes that were evaluated included
precipitation, PET, AET, direct runoff of precipitation (overland flow including flow from
impervious surfaces), soil moisture storage, antecedent surplus water storage, and runoff
(which results from the combined water releases from contemporaneous excess precipitation
and antecedent sub-surface water storage). The evaluated models included specifications of
varying levels of complexity. The specifications also evaluated interaction effects of land use on
evapotranspiration and runoff, and the effects of other soil properties (permeability) reported
by STATSGO. Because only runoff and soil-moisture storage capacity were found to have
uniquely estimated parameters, a simpler specification as described in equation (2.2) was
selected as the final model form for comparing the random-effects specifications. In these final
models, default parameter values were informed by the preliminary evaluations and the prior
values used in national studies (Wolock and McCabe, 1999). Thus, runoff was deterministically
computed according to an assumed coefficient of 0.5 that is applied to the sum of excess
contemporaneous precipitation and antecedent subsurface water storage. Direct runoff to
streams of precipitation is assumed to be function of the fraction of the drainage in impervious
cover and an assumed coefficient of 0.05 (Wolock and McCabe, 2000). Soil moisture storage
capacity was set to 77 mm, based on NLLS evaluations that identified this is the global optimum
for the Susquehanna Basin. For estimating the seasonal model, quarterly totals were calculated
for the climatic variables for the 2001-2008 seasonal periods (2000 was used only as a spin-up
period) for the same quarterly aggregations of months as noted previously for streamflow.
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Additional evaluations were conducted for the SRB model using time-varying explanatory
variables in the streamflow model. This included the estimation of seasonal values of land use
that were obtained through simple interpolation methods. In addition, seasonally varying
MODIS EVI (Enhanced Vegetation Index; Brakebill, written comm, 2014) was used as a measure
of intra- and inter-annual changes in catchment biomass as well as NLCD land use for the years
2001, 2006, and 2012. To improve the statistical uniqueness of the EVI measure and its
association with streamflow in the SPARROW model, a runoff-adjusted value of EVI was used as
a predictor variable. Accordingly, the seasonal and annual correlation of EVI with runoff was
removed prior to its inclusion in the SRB model. This was based on a linear regression of runoff
on EVI seasonal values, executed for each stream reach catchment in the network, from which
the seasonal residuals were used as a predictor in the SPARROW SRB model. Prior to its
adjustment, EVI was found to be negatively correlated with runoff across seasons in the
Susquehanna Basin, with Spearman Rho monotonic correlations for the network reaches
typically ranging from -0.50 to -0.39 (interquartile range); after adjustment, the comparable
range of correlations spanned from -0.09 to -0.03. The adjustment ensured that the effects of
vegetative cover on water availability as represented by the SPARROW-EVI relation were
independent of runoff influences.
For the national SPARROW model, additional explanatory variables were obtained from a
previous national modeling study of total dissolved solids (Anning and Flynn, 2014), which are
reported for the RF1 reach catchments. These included the following: National Land Cover
Data (NLCD) for 21 land-cover classes for 2001, irrigation acreage, tile drainage (fraction of
agricultural land area), a measure of peak vegetation production (Enhanced Vegetation Index),
soil properties (permeability, clay, sand), topography (slope, elevation), channel sinuosity,
baseflow index, lithology, bedrock geology, population for 2000, and municipal and industrial
water use.
Measures of the stream and reservoir hydraulic properties needed to estimate water
attenuation were obtained from network data compiled for the RF1 and NHD networks. For
the national SPARROW model, estimates of the in-stream water time of travel were calculated
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as a quotient of the mean annual stream water velocity and the stream channel length, as
reported for the RF1 network. For the dynamic SPARROW model, the quarterly time of travel
of each reach was estimated based on quarterly estimates of water velocity obtained from the
application of a velocity-streamflow regression relation (Jobson, 1996) to quarterly predictions
of streamflow. The Jobson relation, developed from a meta-analysis of time-of-travel studies,
expresses the mean velocity as a function of the mean discharge and upstream drainage area.
The quarterly streamflow was calculated for each reach as a function of the sum of the flow
contributions from the adjacent upstream reaches and input to the Jobson equation, based on
the predicted streamflow from an initial flow model calibrated without in-stream water loss.
The mean stream channel depth was estimated for each season as a function of the mean
streamflow, based on an empirical model of stream morphological data (Alexander et al. 2000).
Measures of the areal hydraulic load for use in the lake/reservoir attenuation function in the
national model were obtained from RF1 data attributes.
For the national hierarchical Bayesian models, multilevel regional effects on streamflow
variations were explored using a regional-scale (HUC-2) hydrologic unit classification that
defines 18 regions in the conterminous United States. Other sub-regional classifications (e.g.,
HUC-8) are potentially of interest, but would have appreciably increased the computational
times for the Bayesian analysis, and were beyond the scope of multilevel effects that could be
evaluated in this study.
For the Susquehanna Basin hierarchical Bayesian models, regional and seasonal multilevel
effects were evaluated using a HUC-8 classification, which defines 19 contiguous drainage areas
in the Basin. Initial model evaluations revealed large seasonal variability in runoff and
hydrology relative to the variation observed spatially; therefore, runoff and hydrologic
parameters were allowed to vary temporally (seasonally), whereas land-to-water parameters
were varied spatially by the HUC-8 regional identifier.
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2.7 Model estimation methods
Bayesian estimation of the non-hierarchical (fixed-effects) and hierarchical (random-effects)
specifications for the steady state, dynamic, and state-space forms of these models were
initially informed by the use of NLLS optimization methods that minimize the sum of the
squared residuals across all sites (steady state) and additionally for all time periods (dynamic).
Because of their computational efficiency, NLLS methods have the advantage of allowing the
rapid evaluation of many model specifications for a wide range of explanatory variables and
levels of model complexity. The Bayesian methods were used in subsequent evaluations of the
NLLS “final” models to quantify multilevel random effects (hierarchical structure) and to
develop state-space hierarchical specifications to quantify model uncertainties. The final choice
of models was primarily determined by considering the physical interpretability of competing
models and by evaluating model performance based on the use of a variety of statistical
diagnostics. These diagnostics included conventional measures of statistical significance for the
NLLS models, residual plots, measures of model accuracy (bias, precision) based on ratios of the
observed to predicted water volumes plotted for various spatial and temporal classes (e.g.,
HUC-8, seasons), and relative measures of accuracy that compared the performance of simple
and more complex model specifications based on ratios of the prediction RMSEs of the models
(see section 2.8 for additional details). The Watanabe-Akaike Information Criterion (WAIC;
Watanabe, 2010), a model selection metric that penalizes model complexity and trades this off
against improved fit of the model (see section 2.8), was also used as a complementary metric to
provide additional information about the relative performance (predictive accuracy) of the final
models. The WAIC metric assumes spatial and temporal independence in the model residuals
(Gelman et al. 2014), an assumption that was not fully satisfied for some of the spatial models
estimated in this study (i.e., SRB model). The overall model selection approach used in this
study is typical of downward modeling approaches in which model complexity is incrementally
added and evaluated (e.g., Atkinson et al. 2002); this is also generally consistent with the
model-building strategy advocated for hierarchical modeling by Gelman and Hill (2007).
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The model structure, explanatory variables, and to a limited extent the parameter priors in the
Bayesian simulations were informed by the results from the NLLS estimation. The model
specifications selected for Bayesian estimation are based on NLLS evaluations of model fit and
parameter uniqueness (t-tests, sensitivity), although certain parameters with marginal levels of
statistical significance and wide confidence intervals were included in the Bayesian evaluations.
The parameter priors for Bayesian simulations were assumed to be relatively diffuse,
distributed as a random uniform distribution. Lower and upper bounds of the uniform
distribution for each parameter were typically allowed to range over a wide interval of two or
more orders of magnitude in the vicinity of the NLLS mean estimate, thereby providing a less
restricted (and thus less informed) parameter space for posterior sampling than would be
suggested, for example, by the confidence intervals of the NLLS model parameters. These
parameter restrictions improved the stability and efficiency of the Bayesian sampling process.
Also, note that the land-to-water delivery variables for the steady state and dynamic models
are all centered by subtracting the mean of each delivery variable for the modeled spatial
domain, which also improves model stability in the Bayesian simulations.
For NLLS estimation, the model residuals are computed as the difference between the observed
log water volume and the predicted log water volume for monitored reaches. The residuals are
assumed to be independent, identically distributed, and have zero mean, and are evaluated for
conformance with the assumptions using the diagnostic methods described in section 2.8. The
NLLS estimation employs the R-based solver NLMRT (Levenberg-Marquardt with constrained
optimization; Nash, 2015). Standard errors are estimated according to the approximate firstorder Jacobian methods and more accurate and computationally demanding second-order
Hessian methods. The R-based model coefficients and Hessian standard errors compare
favorably to those estimated by the SAS-based SPARROW software (Schwarz et al. 2006) and to
the standard error estimates from the non-hierarchical (fixed-effects) Bayesian simulations.
Determination of the appropriate model complexity was informed by the statistical significance
of parameters from approximate t-tests and assessments of parameter sensitivities and multicollinearity effects on t-tests. For the steady state models, the evaluations were initially based
on very simple models of the source variables that compared runoff models with models that
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included precipitation only and as well as models with precipitation, temperature, and soil
moisture (controlling variables in the deterministic water balance model). Model complexity
was incrementally increased to include explanatory variables for landscape delivery factors and
then aquatic loss factors; multi-collinear variables were eliminated to produce final models with
uniquely identifiable parameters, based on =0.05 and evidence that the models converged to
the same outcomes using altered initial values. For the dynamic models, a similar modelbuilding strategy was used, with evaluations proceeding from simple to complex models.
Parameters sensitivities were examined and are reported to provide a relative measure of the
importance of each explanatory variable for the entire spatial domain and for sub-regions.
Sensitivity was computed as the percentage change in the predicted values in response to a
unit one-percent change in the explanatory variable of interest, with all other explanatory
variables held constant. The sensitivity measures were used to determine the relative
importance of the explanatory variables. The sensitivity measures are positively correlated
with the t-statistics of the parameters but provide an alternative measure of the relative
importance of parameters that integrates the statistical significance with the magnitude of the
predicted streamflow response; this additionally provides a measure with regional specificity,
unlike the t-statistics. Sensitivity measures were plotted spatially according to hydrologic unit
classes (HUC-2 for the steady state model; HUC-8 for the dynamic model) to assess regional
variations in the relative importance of different explanatory variables.
The non-hierarchical and hierarchical models were estimated using Bayesian inference methods
in the open-source software package Stan (Stan Development Team, SDT, 2015a). The package
supports the specification of the prior and likelihood distributions, and reports the posterior
distributions for the model parameters and predictions as well as conventional diagnostic
metrics for evaluating model convergence, including WAIC. The R interface to Stan (SDT,
2015b) was used to execute the package. See the Literature Review section 1.2.5 for a
description of the Stan package, including the Hamiltonian Monte Carlo (HMC) methods.
To improve the efficiency and stability of the Stan HMC warmup and sampling process, the NLLS
parameter estimates were used to initially inform the expected ranges of the parameter values
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and appropriate scaling factors (and sign adjustment) for the parameter bounds. This facilitates
scaling adjustments to the data to ensure that the parameter density falls primarily between
zero and positive one (note that parameter scaling is a recommended strategy by the SDT
developers; 2015a). These adjustments had the added benefit of allowing the development of
an automated R-based programming system that greatly simplified the execution and
evaluation of alternative Bayesian models. The system employs generalized sets of parameter
arrays for the source, land-to-water, and aquatic loss variables for non-hierarchical,
hierarchical, and state-space hierarchical variable specifications for SPARROW; identical
transformations and attributes (lower/upper bounds and initial values) are applied to the
separate sets of parameter arrays. This contributed to efficiencies in the setup, execution, and
post-processing (and diagnostics) of the explanatory variables, error components, and posterior
results for the Bayesian models. This also allowed the development of an initial version of a
user-friendly SPARROW R package (including standardized output of model convergence and fit
diagnostics) that should be capable of supporting Bayesian investigations by SPARROW
modelers with little or no prior familiarity with Bayesian methods.
As recommended by the SDT (2015a), other programming efficiencies were also implemented
to reduce model execution times and improve model stability by (1) vectorizing the likelihood
functions and their parameters (i.e., avoiding recursive “for loop” processing of likelihood
density functions), and (2) applying unit-normal reparameterizations of the hyperparameters in
the prior distributions for the model parameters as described in sections 2.3 and 2.4 (SDT,
2015a). NLLS parameter estimates were also used to inform boundary conditions for the
selection of the initial values for the simulation chains, which are generated from a uniform
random distribution (i.e., “diffuse” settings) for each of the three independently initialized
simulation chains that were executed; in some cases a more restricted range, spanning one
order of magnitude, was used for the initial values as compared to the wider range specified for
the parameter priors.
The number of iterations for the various models ranged from 150 to 1200, with the final
selection dependent on the values of the RStan convergence diagnostics (see below). One half
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of the iterations were devoted to the warmup phase with the remaining half used to produce a
composite set of samples for making Bayesian inference about the posterior distributions for
parameters and predictions as recommended by the SDT (2015a; also see Gelman and Hill,
2007). Thus, if 150 iterations are specified for a model execution, the warmup evaluations
would be based on 75 samples in each of the three independently initialized simulations of the
parameters (chains), with the posterior distribution containing a composite of 225 samples to
support inferences. Note that the number of Stan iterations are typically much smaller than
frequently reported for alternative MCMC methods (e.g., WinBUGS); this is attributable to the
relative efficiency of the HMC methods but also to the existence of “leapfrog” steps within each
Stan iteration (see section 1.2.5) that would increase the actual iteration count of the
procedure.
The models were run on a PC Windows computer with an Intel i7 3.2 GHz chip and Quad-Core
processer with 32MB of RAM. For the national model, the execution times (and number of
iterations) to achieve acceptable convergence, based on the execution of parallel chains, were:
7 hours for the non-hierarchical model (150 iterations); 12.7 hours for the hierarchical errorvariance, non-hierarchical coefficient model (175 iterations); 15.6 hours for the hierarchical
model (200 iterations); and 120 hours for the state-space hierarchical model (1200 iterations).
For the SRB model, the execution times (and number of iterations) were: 7.4 hours for the nonhierarchical model (150 iterations); 42 hours for the hierarchical H-32 model (150 iterations);
and 83 hours for the state-space hierarchical model (300 iterations).
Convergence of the HMC simulation process to an equilibrium condition for the posterior
parameter distribution is confirmed by evidence that the samples of the independently
executed chains are sufficiently similar (i.e., show evidence of “mixture”). This is done by
comparing the within- and between-chain variances of the three independently initialized
Markov chains using a Rhat metric (Gelman and Rubin, 1992), defined as the ratio of the
average variance of samples within each chain to the variance of the pooled samples across
chains. A Rhat of 1.0 indicates the full mixing of the chains, with equilibrium of the chains
determined to be sufficient for Rhat < 1.1 (Gelman and Rubin, 1992); larger values are
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indicative of non-convergence. Trace plots of the three chains (parameter values vs. iterations)
are examined for all parameters to ensure that a reasonable level of mixing of the distributions
has occurred. The effective sample size (Gelman and Rubin, 1992; SDT, 2015a), which
measures the extent of autocorrelation present in the samples of multiple chains generated by
MCMC methods, is used as an indicator of the statistical stability of the posterior parameter
distributions. This provides an approximate measure of the number of independent samples
and the estimation error of the summary metrics, which is proportional to the reciprocal square
root of the effective sample size (SDT, 2015a).
2.8 Model diagnostics and performance evaluations
The residuals of the NLLS and Bayesian estimated models were evaluated for conformance with
model assumptions that the residuals are independently and identically distributed. For the
Bayesian models, the residuals were computed using the mean predicted water volume as
determined by the use of mean coefficient values from the parameter posterior distributions.
The evaluations included the use of various types of diagnostic plots for mean annual and mean
seasonal water volume and water yield: observed vs. predicted values, log residuals vs.
predicted values, normal quantile-quantile plots and the ratio of the observed to the predicted
values. Boxplot graphs of the ratio of the observed to predicted values were used to assess the
bias and precision of the model predictions and to examine variations in the bias and precision
across space (regions) and time (seasons). Diagnostic plots were examined according to
different spatial areas (e.g., hydrologic unit watersheds: HUC2 to HUC8; drainage basin size) for
both the steady state and dynamic models. For the dynamic models, the diagnostic plots were
used to assess model performance over time (32 seasons, 8 years) for all sites, based on the
aggregated data, and individually for each site. For individual sites, a linear measure of the lagone linear serial correlation (Pearson’s R) is also evaluated to assess the validity of the
assumption that the site-specific residuals are independently distributed with time. Identical
diagnostics were evaluated for the model validation sites.
The model residuals for the calibration sites are mapped to assess the spatial homogeneity of
the model errors. Also, a statistical measure of spatial autocorrelation, Moran’s I (Li et al. 2007;
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R package “spdep”; Bivand, 2015), is evaluated based on the use of an inverse distance
weighting function; both Euclidean and hydrologic distances are used. The Moran’s I standard
deviate test statistic and the associated p-value are examined based on the t-distributed
Moran’s test statistic. The null hypothesis for Moran’s I is that the residuals are randomly
distributed across the spatial domain vs. an alternative hypothesis that the residuals display
significant spatial clustering (either negative or positive, based on the sign of the test statistic);
small p values (e.g., rejection of the null) may be indicative of spatial biases in the model
predictions. For the steady state national model, Moran’s I results are evaluated using
Euclidean distance weights for all sites nationally and separately for the collection of sites in
hydrological regions (i.e., HUC-2). Moran’ I results are evaluated using hydrologic distance
weights for 191 of 555 hydrologically nested sites (31% of the 1,778 national sites) where a
minimum of 4 upstream sites were available for the pairwise comparisons used to compute the
Moran’s I test statistic. For the SRB dynamic model, Moran’s I results are evaluated over time
for the entire basin for each of the 32 seasons in the 2001-2008 period. Additional evaluations
for the presence of spatial autocorrelation for the SRB models include the computation of
Spearman Rho pairwise correlations between residuals for all station pairings across 32
seasons, based on Euclidian and hydrologic distances (and inspection of plots of Spearman’s
Rho vs. distance).
Two methods were used to evaluate the prediction accuracy of the nested non-hierarchical and
hierarchical Bayesian models. First, ratios of the prediction RMSEs of the complex and simple
models were used to quantify relative differences in magnitude of the prediction accuracy
associated with the sample observations. The prediction RMSE ratio is expressed as
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where

and

are the observed and predicted water volumes, and C and S refer to the

complex and simple models, respectively, and

refers to the groups (seasons, stations) over

which squared differences are summed. Ratios with values less than one are indicative of the
relative magnitude of the improved model accuracy associated with the more complex
hierarchical model. The

is computed for the smallest units of observation (stations,

seasons) and plotted in relation to various spatial and temporal classes of interest (e.g., HUC-2
and HUC-8 regions, years) to assess differences in the prediction accuracy of the models.
Second, the Watanabe-Akaike Information Criterion (WAIC; Watanabe, 2010; Gelman et al.
2014; Vehtari et al. 2014; Vehtari and Gelman, 2014) was used as a model selection criterion.
WAIC has utility for comparing and ranking nested and non-nested models on the basis of their
prediction accuracy (Vehtari and Gelman, 2014). WAIC is an approximate cross-validation
method similar to the commonly used DIC (Deviance Information Criterion; Spiegelhalter et al.
2002) metric for Bayesian models. WAIC compares models on the basis of their fit to the data
(log predictive density or log likelihood) with an appropriate adjustment for added model
complexity. Common to IC metrics, the benefit of improved model performance resulting from
added complexity is penalized by the loss of parsimony (and degrees of freedom) in a more
complex hierarchical model. For hierarchical models, the penalty is measured by the effective
number of parameters, which depends on the variance of the multilevel group-level parameters
(Gelman et al. 2014). WAIC operates like other information criteria to provide a bias-adjusted
measure of the expected improvements in prediction accuracy of a complex model. WAIC
estimates a point-wise prediction accuracy for new samples by evaluating the log-likelihood
using the posterior simulations of the parameter values. WAIC is considered to be a more
robust and Bayesian-type metric for assessing model accuracy than DIC (Gelman et al. 2014).
DIC is based on the expected likelihood at the posterior mean of the parameters, whereas
WAIC results from an averaging over the posterior distribution for expected values computed
for each of the data points (Gelman et al. 2014). Preferred models will have larger values of
WAIC. The WAIC metric assumes spatial and temporal independence in the model residuals
(Gelman et al. 2014). Thus, the metric may have limited accuracy for certain of the spatial
models developed in this study where the residuals lack independence among the stream
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monitoring sites (note that the severity of the violations of this assumption was found to be
greater for the SRB models, which were shown to display evidence of spatial correlation in the
model residuals).
The magnitude of the regional (or temporal) variability in the coefficients of the hierarchical
models is expressed as a relative standard deviation (RSD), computed as the square root of the
ratio of the sum of the sample-size weighted between-region variances (i.e., the squared
difference between the regional mean and global mean) to the sum of the sample-size
weighted within-region variances (note that the within-region variance reflects statistical
sampling-related uncertainties associated with the regional mean coefficient; thus, the withinregion variance would be expected to asymptotically approach zero as the sample size goes to
infinity). The RSD is used to obtain an approximate ranking of the explanatory variables in
terms of the relative degree of spatial variation in the regional coefficients. The sample size
weight for each region (HUC-2 in the national model and HUC-8 in the SRB model) corresponds
to the number of regional monitoring sites. Larger values of the RSD metric indicate that
there’s greater evidence of between-region variability in the coefficients in relation to the
magnitude of the within-region variability in the coefficients.
The automation of the preceding set of diagnostics in the SPARROW-R code allowed production
of a standard plots, maps, and tabular information with the execution of each model.
2.9 Model predictions and uncertainties
Summaries of the water balance components, which serve as input to the SPARROW models,
are presented, including model inputs of precipitation, temperature, and soil moisture
conditions. The model outputs include predictions of potential evapotranspiration (PET), actual
evapotranspiration (AET), water deficit, and runoff. Summaries are presented nationally by
HUC-2 region and seasonally for the 2001 to 2008 period for the Susquehanna River Basin (SRB)
by HUC-8 watersheds.
SPARROW model predictions of streamflow (water volume, water yield) are reported for each
stream reach, including predictions for the incremental drainage area of the reach and the total
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drainage area above the reach. Predictions are also reported of the incremental delivered
water volume and yield—the quantities of water delivered to the downstream terminus of the
stream after accounting for water losses in streams and reservoirs. These predictions are based
on the computation of a cumulative delivery fraction; this measures the fraction of the water
leaving a given stream reach that is delivered to the downstream terminus. The delivery
fraction reflects the cumulative effects of aquatic water-loss processes between a given reach
and the downstream terminus located at the continental margin or interior closed basin. The
delivery fraction is used to quantify spatial variability in water loss in streams and reservoirs for
hydrological units (HUC-2, HUC-8). The delivery fraction is used in the national model to
quantify the sources of water from upstream watersheds for mean annual conditions and their
contributions to the mean annual streamflow at the terminus of major river basin outlets and
other locations of interest. For the SRB, source contributions from upstream watersheds are
additionally reported over time and aggregated by season to highlight time-related differences
in the upstream watersheds that contribute to downstream flow volumes at the SRB outlet.
Estimates of the uncertainties of the streamflow predictions are characterized using the
Bayesian posterior distributions of water volume from which probabilistic characterizations of
the SPARROW model predictions are made. These include common measures of the
uncertainties in the mean prediction, such as the standard error of the mean prediction.
Uncertainties associated with the population of the predictions are also reported, including the
standard deviation and the 95 percent credible interval—the interval that contains 95 percent
of the population for the reported metric.
The SRB streamflow model is used to generate streamflow metrics that are relevant to
assessing ecosystem flow needs in streams of the SRB, based on a recent collaborative
evaluation by the Nature Conservancy, the Susquehanna River Basin Commission, and the U.S.
Army Corps of Engineers (DePhilip and Moberg, 2010). In addition to a set of low and high flow
metrics, the evaluation includes recommendations for the maintenance of seasonal (and
monthly) flows targeted at sustaining flow levels that are protective of ecological communities
and processes in streams. The recommendations were informed by assessments of the
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observed ecological responses to changes in the median seasonal streamflow, based on
monthly flow duration curves developed for Pennsylvania streams (DePhilip and Mobert, 2010).
Accordingly, the SRB SPARROW model is used to quantify annual variability in the seasonal
median streamflow (interquartile range) normalized by the long-term seasonal median flow,
which is evaluated separately by season of the year and spatially across HUC-8 watersheds.
This model-based measure of seasonal flow variability is inclusive of natural variability in
climate drivers and model prediction uncertainties.
Estimates of the measurement and process-related uncertainties and the spatial and temporal
variations in these uncertainties are presented for both the national and SRB models. Estimates
of the process-related uncertainties from the state-space model are used to estimate adjusted
state-space estimates of the “true” predictions of mean annual and mean seasonal streamflow
and water yields for the incremental and total reach drainages. State-space predictions are
summarized regionally for the national model and spatially and temporally for the SRB model.
State-space model predictions are compared with non-state space predictions at the validation
monitoring sites to assess the effects of process uncertainties on model accuracy.
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CHAPTER 3
RESULTS: THE NATIONAL STEADY-STATE STREAMFLOW MODELS
3.1 Non-hierarchical Bayesian fixed-effects models
Related to question #1 and the hypotheses stated in the introduction (section 1.1), the results
for the accuracies (RMSEs) of five SPARROW models (Fig. 3.1a) provide information relevant to
evaluating the most accurate descriptors of climate forcing in the SPARROW model and the
effects of adding landscape and aquatic variables to the model: models 1 and 2 use the inputs
to the Thornthwaite water-balance model as climate-forcing variables in SPARROW, whereas
models 3 to 5 use the water-balance predictions of unit-runoff as the primary climate-forcing
variable in the model. Models 1 (precipitation only) and 2 (precipitation as a source with
temperature and available water capacity as land-to-water interaction factors) both have much
higher RMSEs and thus perform much more poorly relative to the models that use predictions
of unit-runoff from the water balance. This was the hypothesized and expected result, given
that the unit-runoff predictions reflect outcomes from a more detailed accounting of the
monthly water supply and demand conditions, based on the Thornthwaite water balance.
Model 3, with only unit-runoff as a predictor variable (RMSE=0.626), shows nearly a 40%
reduction in model error compared with the RMSE of either models 1 or 2 (RMSE=0.999).
Adding complexity to model 3 leads to further reductions in RMSE: adding land-to-water
delivery factors to the runoff-based model (i.e., model #4) resulted in a 20% reduction in the
RMSE, whereas the addition of the aquatic variables (i.e., model #5) related to water losses in
stream channels and reservoirs reduced the RMSE by about 5%.
A comparison of the ratios of the observed to the predicted flows for the precipitation-based
model (#2; Fig. 3.1c) and the unit-runoff only model (#3; Fig. 3.1d) shows appreciable
differences in the accuracy of the models in eastern and western regions. The precipitationbased model under-predicts streamflow in the eastern half of the U.S. (HUC-2 regions 1 to 9)
and over-predicts flow in most of the western regions (HUC2 regions 10-18), suggesting that the

100

model has insufficient water loss in the West and fails to retain sufficient water in the East. The
runoff-only model (Fig. 3.1d; with no other explanatory variables) is more accurate but shows a
similar pattern of under- and over-prediction. Both models show much greater variability (and
less precision) in the streamflow predictions in western than in eastern regions.
(a)

(c)

(b)

(d)

(e)

Figure 3.1. Performance of the national fixed-effects nonlinear least squares (NLLS) models for mean annual
streamflow for the conterminous United States: (a) RMSE of the alternative models, where models 1 and 2 use
water-balance inputs (precipitation, temperature, available water capacity) as explanatory variables; and model 3,
4, and 5 use the water-balance predictions of unit-runoff as an explanatory variable; (b) Sensitivity (percent
change) in streamflow to a one-percent change in the land-to-water or water loss parameters (inner
interval=standard deviation; outer 95% interval); (c) Boxplots of observed to predicted water volume from the
precipitation-based model (#2: precipitation, temperature, available water capacity) for stream reaches by HUC-2
(class) regions; (d) Boxplots of observed to predicted water volume from the unit-runoff-only model (#3) for
stream reaches by HUC-2 regions; (e) Boxplots of observed to predicted water volume from the unit-runoff-based
model (#5) with land-to-water delivery and aquatic loss explanatory variables by HUC-2 regions.
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The regional improvement in model accuracy for the unit-runoff model with land-to-water
delivery factors and water losses in stream channels and reservoirs (model #5; Fig. 3.1e) is
appreciable, with a much more stable pattern of over- and under-prediction and improved
model precision across all regions. The NLLS results (“fixed-effects”) for this unit-runoff model
(Table 3.1) show a total of 14 explanatory variables: the Thornthwaite unit-runoff source-water
input, an estimated constant runoff contribution from Canadian drainage, 10 land-to-water
delivery factors, and water losses in streams and reservoirs. A graphical summary of the
annual-aggregated values of the monthly water-balance model, including runoff, are presented
in Appendix A (Fig. A.1). The selection of the final set of explanatory variables resulted from the
elimination of the least sensitive (Fig. 3.1b) and less statistically significant variables, such as
temperature, pastureland, wetlands, irrigation, and baseflow. In many cases, these variables
were correlated (multicollinearity) with one another or with other variables that were more
statistically significant. The removal of these non-significant variables from the model
increased the RMSE of the model by less than one-half of one percent.
The explanatory variables in the NLLS streamflow model (Table 3.1; equation 2.4) are all
statistically significant for  = 0.03, except for the estimated Canadian runoff yield (p=0.23). All
model coefficients are positive with the exception of percent forest land and the difference
between PET and AET (expressed as a fraction of the PET). The negative coefficient on percent
forest land indicates that water delivery to streams declines with increases in forest cover,
presumably reflecting the effects of evapotranspiration-related water losses that are not
accounted for by the baseline Thorthwaite water balance estimates of runoff, although it’s
possible that collinear relations with other variables, such as topography (e.g.,slope) could
explain the inverse relation. The PET-AET difference, expressed as a percent of PET, serves as an
indicator of dryness with large values and large spatial variability in the values observed in the
western US, where values range from 20-80%, as compared to eastern values that are typically
less than 20%. Thus, a negative coefficient for the PET-AET differences indicates that water
delivery to streams declines with increases in the extent of arid conditions. Runoff and the
other land-to-water delivery explanatory variables are positively correlated with water runoff
and delivery to streams.
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Table 3.1. Results of the national fixed-effects nonlinear least squares (NLLS) model for mean annual streamflow
for the conterminous United States.
Parameter

Parameter

Coefficient

Mean

Standard

t

p

Units

Units

Estimate

Error

statistic

value

Source
Runoff

m3 / yr

dimensionless

0.8251

0.0245

33.68

0.0000

Canadian water yield

km2

m3 / km2

3138

2616

1.20

0.2304

Forested land

percent

dimensionless

-0.0037

0.0008

-4.63

0.0000

Urban land

percent

dimensionless

0.0050

0.0012

4.17

0.0000

Grass land

percent

dimensionless

0.0020

0.0009

2.22

0.0247

Stream density

log(m / km2)

dimensionless

0.2306

0.0321

7.18

0.0000

Farm tile drains

percent

dimensionless

0.0034

0.0010

3.40

0.0050

Land slope

degrees

dimensionless

0.0174

0.0031

5.61

0.0000

Peak vegetation index

dimensionless

dimensionless

0.0158

0.0020

7.90

0.0000

Soil clay content

percent

dimensionless

0.0048

0.0014

3.43

0.0006

PET and AET difference

pct. of PET

dimensionless

-0.9226

0.1401

-6.59

0.0000

Seasonal distribution precip.

percent

dimensionless

0.0216

0.0028

7.71

0.0000

m3 / s

per day

0.0647

0.0054

11.98

0.0000

m / yr

0.4018

0.1601

2.51

0.0122

Land-water delivery

Channel water losses
Streams (mean flow < 28.3
m3/s)
Reservoir water losses
Reservoirs
N observations

yr / m
1778

RMSE

0.4738

R-Square Yield

0.9049

NS Efficiency

0.9361

Parameter sensitivities for the NLLS model (Fig. 1.3b) provide information about the relative
importance of the explanatory variables; the sensitivities span one order of magnitude,
indicating that streamflow changes on average by 0.01 to 0.1 percent in response to a onepercent change in each of the explanatory variables. The top tier of most sensitive land-towater delivery and channel water loss parameters, with sensitivities of approximately 0.1,
includes 7 of the 14 explanatory variables, including peak vegetation (EVI; Enhanced Vegetation
Index), PET-AET percent difference, water loss in streams, percent forest, stream density,
seasonal distribution of precipitation volume, and land slope. The remaining parameters have
sensitivities of less the about 0.03. The national mean streamflow response to a change in
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reservoir losses is relatively small; however, the variable was statistically significant in the final
model because of the large magnitude of the response in western watersheds, especially in
some of the larger rivers where much of the flow is controlled and thus sensitive to losses via
evaporation or recharge.
Regional variations in the sensitivities are shown in Appendix A (Fig. A.2; Fig. 3.3) and indicate
large spatial differences in the magnitude of the streamflow response to changes in explanatory
variables. Streamflow sensitivities to changes in in-stream and reservoir water losses are much
larger in western regions (Fig. A.2a,b; Fig. 3.3a,b), where the response is a factor of 2x to 5x
larger than that observed in eastern regions; reservoir losses are much more variable in the
western regions, with evidence of sizeable local effects in many of the regions. The streamflow
responses to climate-related land-water delivery factors (PET-AET percent difference, peak
vegetation) also display large east-west differences. The streamflow responses to both of these
variables are generally more sensitive in eastern regions (Fig. A.2e,f), where the flow response
is about 0.2. The streamflow response in western watersheds is generally more variable, but is
about one-half of the eastern streamflow response. The peak vegetation measure, which is
positively correlated with streamflow, likely serves as an indicator of available water supply in
soils and ground water, especially in view of the larger sensitivity of streamflow to this measure
in the humid eastern US.
Among the land-use variables, the flow responses to changes in percent forest typically range
from 0.05 to nearly 0.20, with somewhat larger responses in selected eastern regions (New
England, Mid-Atlantic, Ohio, and Tennessee). The flow response to changes in urban acreage is
relatively small for most catchments (<0.05), with responses of up to 0.4 observed locally for
selected catchments in virtually all eastern regions, a heterogeneous pattern that is perhaps
consistent with the comparatively small urban land area in most watersheds. Land slope, which
is positively correlated with water delivery to streams (Table 3.1), shows higher streamflow
sensitivities in the Tennessee region (06) and many far western regions (Fig. A.2h). Although
the sign of this relation is suggestive of the effects of infiltration-excess overland flow, previous
interpretations of national water-balance results (Wolock and McCabe, 1999) have suggested
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that this may reflect the compensation of the model for the under-estimation of the poorly
monitored higher levels of precipitation in mountainous areas, such as the Appalachians and
western U.S.
The in-stream variable that describes net water loss was evaluated using both a discrete step
function (Table 3.1) and a continuous function in the NLLS-estimated models. The two models
were observed to have similar mean coefficients and standard errors and RMSEs. Additional
comparisons were also made for the non-hierarchical Bayesian models (Table 3.2 with the step
function; Table A.1 with the continuous function). The RMSE and WAIC values of these models
differed by less than one percent, such that both models and in-stream water loss functions are
Table 3.2. Results of the non-hierarchical Bayesian constant-error variance (NH-CV) model for mean annual
streamflow for the conterminous United States.
Parameter

Mean

Standard
Deviation

Percentiles
th

25

th

50

75

th

Source
Runoff

0.0236

0.8108

0.8246

0.8416

-0.0036

0.0008

-0.0030

-0.0036

-0.0041

Urban land

0.0041

0.0012

0.0034

0.0041

0.0048

Grass land

0.0017

0.0009

0.0011

0.0016

0.0023

Stream density

0.2328

0.0313

0.2081

0.2319

0.2561

Farm tile drains

0.0031

0.0009

0.0026

0.0031

0.0038

Land slope

0.0162

0.0033

0.0141

0.0161

0.0184

Peak vegetation index

0.0154

0.002

0.0143

0.0153

0.0168

Soil clay content

0.0054

0.0015

0.0044

0.0055

0.0064

-0.9477

0.1366

-0.8688

-0.9501

-1.0512

0.0211

0.0027

0.0159

0.0192

0.0210

0.0648

0.0051

0.0614

0.0652

0.0685

0.3872

0.1545

0.2748

0.3701

0.4710

0.4738

0.0087

0.4673

0.4732

0.4805

Canadian water yield (fixed)

0.8255
3138

Land-water delivery
Forested land

PET and AET difference
Seasonal distribution precip.
Channel water losses
Streams (mean flow < 28.3 m3/s)
Reservoir water losses
Reservoirs
RMSE
N observations
NS Efficiency
WAIC

1778
0.9362
-1209
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equally valid from a statistical perspective. The discrete step function was, nevertheless,
selected for use in the subsequent hierarchical model evaluations, based on the slightly larger
WAIC value obtained using the step-function in the streamflow model. Similarities in the
performance measures for the continuous- and step-function models and statistical significance
of the stream loss variables provide evidence that net water loss in streams can be reasonably
described as displaying reductions in the reaction rate constant with increasing streamflow or
mean water depth (Fig. 3.2). For the discrete function, the reaction rate coefficient is 0.064 per
day of water travel time for mean depths below one meter (28.3 m3/s; 1000 ft3/s), which
includes about 85% of U.S. streams for the RF1-scale resolution. For deeper rivers, the reaction
rate estimated for the discrete function was not statistically distinguishable from zero (other
breakpoints were evaluated in the vicinity of one meter depth with similar outcomes). The
discrete functional form for the reaction rate constant is also consistent with exponential firstorder reaction rate constants that are obtained using the continuous function (Fig. 3.2) and an
estimated mass-transfer coefficient of 0.013 m/day (Table A.1). Based on the continuous
reaction rate function, net water loss in streams is estimated to vary over about two orders of
magnitude across small to large stream sizes—i.e., losses of about 20% to 0.2% of the water
volume per day of water travel time. These losses occur over mean stream depths that vary
over about two orders of magnitude (0.06 to 6 meters).
The estimates of water loss in channels (Fig. 3.2) describe net mean annual water losses from
streams; although streams may experience gains and losses within periods of a given year, the
SPARROW estimates quantify the predominant effects of net water losses that are estimated to
occur on a mean annual time scale. The specific causes of the net annual water losses are not
identified by the models, but are likely to reflect the effects of a combination of processes, such
as direct evaporation from water surfaces, recharge to the subsurface (especially in western
streams), consumptive loss from diversions, and transpiration from riparian vegetation along
stream channels.
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Figure 3.2. In-stream reaction-rate constants for net water loss in relation to mean water depth for streams in the
conterminous United States based on the non-hierarchical Bayesian constant-error variance (NH-CV) model for
mean annual streamflow. The results display results for two stream net-water loss functions (discrete step and
continuous) based on the national non-hierarchical Bayesian streamflow models. The indicated percentages of
streams are for reaches in the 1:500,000 –scale U.S. RF1 digital network for the conterminous U.S. Mean depth is
estimated as a function of mean streamflow from morphological relations (Alexander et al. 2000). See Table A.1
for the model coefficients and results.

Results for the non-hierarchical (fixed effects) Bayesian model (Table A.1; table 3.2) are virtually
identical to those for the NLLS model (Table 3.1), including mean coefficients, NS efficiencies,
and RMSE. The mean coefficients for the two models are within 3% to 7% for most coefficients,
with the exception of the mean coefficients for urban and grasslands, which differ by about
20%, with lower values for the Bayesian estimates. Standard errors show closer agreement,
typically falling within 3% to 4%, with the most extreme difference of 7% for the slope variable.
Diagnostic plots (Fig. A.3) for the non-hierarchical Bayesian model show a reasonably good fit to
the overall spatial variability in streamflow in streams across the US. Plots of the observed to
predicted water volumes (Fig. A.3a), and corresponding residual plots (Fig. A.3b), indicate that
the model fits more precisely in larger rivers and watersheds than in small watersheds, a
pattern that is typical of many SPARROW models (e.g., Preston et al. 2011). As a result, some
under-estimation of the variance occurs for smaller watersheds, where the model predictions
are less accurate, and over-estimation occurs for the larger watersheds. Plots of water yield
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(Fig. A.3c,d) provide a more informative measure of the model accuracy across watershed sizes,
given that this adjusts for basin size-related influences on model accuracy that are associated
with water volume accumulation in a river network. Thus, a slightly smaller prediction accuracy
is attained for water yield (R2 = 0.8925; NSeff=0.9279) as compared to that for water volume
(R2=0.9049; NSeff=0.9361); in general, the performance of the model is well balanced across
the water yield gradient, with similar precision throughout the range of yields.
Regional variations in the biases of the non-hierarchical model predictions (Fig. 3.3a,b) for the
calibration sites (n=1778) indicate a tendency towards under-predictions in most of the 18 HUC2 regions (12 under vs. 6 over; also 987 vs. 791 sites, respectively). This tendency towards
under-prediction is evident in the observed to predicted streamflow ratios, for which the
national median is 1.03, with 30th and 70th percentiles of 0.90 and 1.19, respectively. In eastern
regions (1 to 8), the interquartile range of the observed to predicted ratios typically extends
from 0.9 to 1.2 for most regions; region 6 (Tennessee) shows a preponderance of overpredictions, whereas under-predictions are common in region 8 (Lower Mississippi). In western
regions (9 to 18), the observed to predicted ratios typically fall between 0.8 and 1.3, indicating
the lower precision of the model; under-predictions of streamflow are more common in region
12 (Texas-Gulf), 15 (Lower Colorado), and 18 (California) where the largest variability in
prediction accuracy is also found. Clusters of under-predictions in streamflow (Fig. 3.3b triangles) are observed in watersheds in the mid-continent in the Dakotas, Nebraska, and
Kansas in the north and in areas of Texas in the south. By contrast, clusters of over-predictions
occur in mid-continent watersheds in Nebraska, Oklahoma, and Texas as well as northern areas
of California and in Florida. The areas of more extensive clustering of over- and underpredictions occur in the mid-continent US along the 100th longitudinal meridian, where an
abrupt change occurs in annual precipitation volume that is associated with an abrupt shift
from arid to humid climatic conditions.
For the validation sites (n=890), regional variations in the model biases (Fig. 3.3c,d) indicate a
an even greater tendency towards under-predictions in most regions (16 under vs. 3 over; 548
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(a) Calibration sites

(b) Calibration sites

(c) Validation sites

(d) Validation sites

Figure 3.3. Calibration and validation results for the non-hierarchical (NH-CV) Bayesian mean annual streamflow
model for the conterminous United States: (a) boxplots of observed to predicted water volume for the calibrated
model for stream reaches by HUC-2 regions; (b) national map of model calibration log residuals (1778 sites); (c)
boxplots of observed to predicted water volume for the validated model for stream reaches by HUC-2 regions; (d)
national map of model validation log residuals (890 sites).

vs. 342 sites) than was observed for the calibration sites; the ratio of under-predictions to overpredictions for the calibration and validation sites is 1.3 and 1.6, respectively. In eastern
regions, the interquartile range of the observed to predicted ratios typically extends from about
0.8 to 1.4, with regional medians observed in the range of 0.9 to about 1.2. In western regions,
the observed to predicted ratios typically fall between 0.8 and 1.4 or higher for three regions (9,
Red-Rainy; 12, Texas-Gulf; and 15, Lower Colorado). The clusters of under- and overpredictions in streamflow (Fig. 3.3d - triangles) show many similar spatial patterns that were
observed for the calibration sites, with under-predictions in mid-continent areas of the Dakotas
and Texas-Gulf and over-predictions in Kansas the Texas. There are also local under-predictions
in similar locations in western regions as observed for the calibration sites.
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Spatial autocorrelation in the model residuals is evaluated using Moran’s I nationally and for
the 18 HUC-2 regions using Euclidean distance weights and also for sites within hydrologically
connected watersheds using river channel distance weights (see Table A.2 for all model results).
The Moran’s I test for spatial covariance indicated that the null hypothesis (i.e., that the
residuals are independently distributed with no evidence of spatial clustering) was rejected
with a p<0.0001. The test statistic had a positive sign, indicating that the model residuals
display significant spatial clustering of over- and under-predictions of a similar direction; this
suggests that over- or under-predictions related to the use of constant coefficients in the model
or deficiencies in the model structure are likely to lead to similar spatial biases in the model
predictions. Six of the 18 HUC-2 regions were found to have statistically significant (=0.10)
spatial correlations according to the Moran’s I test, with the Ohio (5), Missouri (10), and TexasGulf (12) having the highest levels of statistical significance. All of the significant correlations
have test statistics with positive signs as was observed in the test of the national set of
residuals. The Moran’s I spatial correlation tests based on hydrologic channel distance weights
were completed for 191 of 555 hydrologically nested sites (31% of the 1,778 national sites),
where a minimum of 4 upstream sites were available for all pairwise comparisons in computing
the Moran’s I test statistic. Of the 199 watersheds, six were found to have statistically
significant spatial correlation (=0.10), with the Mississippi River Basin and the Colorado River
Basin in Texas showing the most statistically significant results. Five of the six basins with
statistically significant results have a positive spatial correlation.
3.2 Hierarchical model-error variance Bayesian models
This section describes the results from comparisons of the performance of various models
designed to address heteroscedasticity in the model residuals (i.e., non-constant model
variance). This is relevant to hypotheses cited in question #2 (c and d) in the introduction
(section 1.1) related to the expectations that regional and scale-dependent drainage area
differences would be identified in the model error variance. The evaluated models include nonhierarchical (NH) specifications of the streamflow model (constant coefficients) with
hierarchical error-variance components as described by equations 2.13-2.17. Comparisons are
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made among three model specifications, including (1) NH-RV: a regionally varying specification
of the error variance (Table A.3; equation 2.14); (2) NH-SV: a scale-dependent error variance
component that accounts for within-region heteroscedasticity related to river size (Table A.4;
equation 2.17 without the regional index); and (3) NH-RSV: a model that combines both of
these hierarchical elements in a single model (Table A.5; equation 2.17). As a benchmark, these
models are also compared with those for the non-hierarchical, constant model-error variance
specification of the streamflow model (NH-CV; Table 3.2; equation 2.4). To inform the
comparisons, the ratios of the observed to predicted water volumes are reported for these and
all of the other evaluated national models (Table 3.3). The regional-level measures of model
accuracy (RMSE) are also shown for two models, NH-RV and NH-RSV, in Fig. 3.4 and Figures
A.4-A.5 to inform evaluations of the effects of heteroscedasticity on the model uncertainties.
Table 3.3. Distributions of the ratios of the observed to predicted water volume and diagnostic metrics for the
fixed-effects, non-hierarchical, and hierarchical models of the mean annual streamflow for the conterminous
United States.
Model Description

Model

Percentiles

NS

10

20

30

50

70

80

90

Eff.

WAIC

Fixed-effect NLLS

FE

0.62

0.80

0.91

1.03

1.17

1.30

1.55

0.936

-

Non-Hierarchical (NH)
Constant variance (discrete
reaction rate)
Constant variance
(continuous reaction rate)

NH-CV

0.62

0.80

0.90

1.03

1.19

1.34

1.59

0.936

-1209

0.62

0.80

0.91

1.03

1.17

1.30

1.54

0.936

-1211

Scale-dependent variance

NH-SV

0.62

0.80

0.90

1.02

1.17

1.33

1.58

0.936

-1196
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1.32

1.57

0.935
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0.61
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0.88
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0.934

-853

H-RV

0.64

0.82

0.92

1.04

1.16

1.28

1.51

0.949
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H-RSV

0.62

0.80

0.89

1.00

1.12

1.25

1.49

0.947

-743

HSSPRV

0.90

0.98

0.99

1.00

1.01

1.04

1.14

0.993

852

Regional variance
Regional scale-dep.
variance
Hierarchical (H)
Regional variance
Regional scale-dep.
variance
Hierarchical State Space
Regional variance

Comparison of the models on the basis of prediction accuracy (WAIC) indicates that the order
of model performance from most accurate to least accurate (Table 3.3) is: NH-RSV > NH-RV >
NH-SV > NH-CV. The comparisons indicate that heteroscedasticity is most effectively modeled
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by accounting for both regional variations in the model-error variance as well as the scale
dependency of the model-error variance within regions, based on the observed inverse relation
between RMSE and drainage area (Fig. 3.4b; Fig. A.3). These conclusions were informed by the
results of evaluations of different scale-dependent model-error variance components. These
included three alternative mathematical functions (step, quadratic, and piecewise) and two
alternative scaling variables (total drainage area, streamflow) as described in equations 2.142.17. In the evaluations, the piecewise exponential model-error variance function with the
total drainage area scaling variable led to the most discernable improvements in model
accuracy and precision compared with results from the baseline NH-CV model. However, this
improvement was observed only if the regional error-variance component was also included
(i.e., NH-RSV model; Table A.5). The model without a regional variance component (NH-SV;
Table A.4) showed negligible changes in model precision, consistent with relatively small
changes in error variance with watershed size (8% change over the interquartile range, with the
maximum 1.75x larger than the minimum), when compared with the precision of the baseline
NH-CV model. In contrast to the robust performance of the piecewise exponential function
(NH-RSV), the step and quadratic error-variance functions did not produce models with
uniquely identifiable parameters; the step function lacked a unique drainage-area breakpoint
and the quadratic function produced multiple parameter sets with similar outcomes. The use
of streamflow volume as a scaling variable in the error variance functions improved model
precision but led to biased predictions in eastern regions with more over- than underpredictions of streamflow (ratio of over to under predictions = 1.25), and thus drainage area
was selected as the scaling variable.
Separate comparisons of the prediction accuracy of the models, based on the station
distributions of the ratios of the observed to predicted streamflows, were consistent with the
WAIC performance results for the NH models (see Table 3.3). For example, the median ratio of
1.01 for the NH-RSV model compared with 1.03 for the NH-CV model; the NH-RSV model also
shows greater balance in the under- and over-predictions of streams as indicated by the 30th to
70th percentiles, which range from 0.88 to 1.14 as compared with a range of 0.90 to 1.19 for the
NH-CV model. Nationally, the NH-RSV model shows a reduction in the number of sites with
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under-predictions, with a more balanced ratio of under- to over-predictions (906 vs. 872 sites; a
1.04 ratio, respectively) as compared to that reported for the NH-CV model (987 vs. 791 sites; a
1.25 ratio, respectively). Regionally, marked improvement is observed in prediction accuracy in
streams in the eastern regions (HUC-2 regions 1 to 8) as evidenced by greater balance in the
observed to predicted ratios for the NH-RSV model around one (Fig. A.4d) as compared to
those for the NH-RV model (Fig. A.4b). Consistent with these improvements in model accuracy
in the NH-RSV model, the levels of statistical significance of the regional spatial
autocorrelations were found to be lower for virtually all of the eastern regions; in other regions,
the levels of significance are similar to those for the NH-CV and NH-RV models and the test of
the national set of residuals test remains highly significant for all of the non-hierarchical models
(Table A.2).
(a)

(b)

Figure 3.4. Regional Root Mean Square Errors (RMSE) for the non-hierarchical Bayesian mean annual streamflow
models for the conterminous United States. (a) Regional RMSEs for the NH-RV model are shown in color for the
mean estimate (black dot) and percentile values (blue=95% credible interval; red=standard deviation). Regional
distributions of the calibration station RMSEs for the NH-RSV (piecewise) model are shown as boxplots (horizontal
line=median, box=interquartile range); (b) RMSEs for the NH-RSV model are plotted in relation to total drainage
area for stations in each of the 18 HUC-2 regions.

The regionally varying, piecewise error-variance function in the NH-RSV model produces more
spatially variable model uncertainties than those associated with the NH-RV model (Fig. 3.4).
The mean RMSE values for the NH-RSV model range from a minimum of 0.01 for the largest
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watersheds to a maximum of 0.86 for the smallest watersheds (median=0.44 and interquartile
range=0.29 to 0.64), with the eastern regions showing the lowest RMSEs among the 18 HUC-2
regions (boxplots in Fig. 3.4a). By contrast, the range of RMSEs for the NH-RV model
(median=0.51; IQR=0.35 to 0.59; color intervals in Fig. 3.4a) is somewhat more constrained
because of the lack of the scale-dependent property that’s present in the NH-RSV model. The
added flexibility of the error-variance component of the NH-RSV model produces model
uncertainties in the eastern regions that are, on average, from 2% to nearly 20% smaller than
those estimated by the NH-RV model (see comparison of average RMSEs in Fig. A.5). For
western regions, the model uncertainties of the NH-RSV model are, on average within about +/10% of those reported for the NH-RV model with some higher NH-RSV uncertainties for certain
regions (Fig. 3.4a, Fig. A.5). These geographic differences in the models are explained by
differences in the RMSE relations with drainage area (Fig. 3.4b). In eastern regions, the RMSEs
decline steeply with increases in drainage size, whereas in western regions, the RMSEs are
generally less steep and include some hyperbolic relations for several regions. In sum, the
results indicate that the model uncertainties in predictions of mean annual streamflow are
much lower in humid eastern watersheds and more strongly related to drainage basin size than
in arid western watersheds, where the uncertainties are relatively large over widespread areas
and are less related to the size of the watershed.
The use of the scale-dependent error-variance component in the NH-RSV model has detectable
effects on the model coefficients and their uncertainties. Improved levels of precision (lower
standard errors) were observed for 10 of the 13 explanatory variables (median=11%;
interquartile range=3% to 27%) as compared to the standard errors of the baseline NH-CV
model parameters. The mean coefficients were also lower for 10 of 13 parameters
(median=21%; interquartile range=4% to 41%). The largest reductions in mean coefficients
were observed for parameters in the NH-CV model with the largest uncertainties and smallest
parameter sensitivities. The lower values of the mean coefficients in the NH-RSV model were
observed for many of the land-to-water delivery variables and the aquatic loss parameters,
which led to generally reduced levels of water loss that contributed to overall improvements in
prediction accuracy nationally.
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3.3 Hierarchical Bayesian model
The streamflow model described in this section (H-RSV; equations 2.12, 2.17) has hierarchical
coefficients for the 18 HUC-2 regions as well as the hierarchical error-variance component
(regional scale-dependent error-variance function) as reported in the last section. The H-RSV
model is relevant to hypotheses cited in question #2 (a, b) in the introduction (section 1.1)
related to the expected improved prediction accuracy of the hierarchical model and evidence of
regional variability in the hierarchical model coefficients. Tabular results for the posterior
distributions of the model coefficients and other summary metrics are presented in Table A.6.
The prediction accuracies of the H-RSV model, based on the observed to predicted ratios for
the calibration sites (Fig. 3.5a), indicate relatively unbiased median predictions for most of the
18 HUC-2 regions, with greater precision evident in eastern regions. Nationally, a similar
balance of under- and over-predictions (900 vs. 878 sites; 1.03 ratio) was also observed.
(a)

(b)

Figure 3.5. Calibration results for the hierarchical H-RSV Bayesian mean annual streamflow model for the
conterminous United States: (a) boxplots of the ratios of the observed to predicted water volumes for the
calibrated model for stream reaches by HUC-2 regions; (b) national map of model calibration log residuals.

As expected, the hierarchical treatment of the model coefficients led to overall reductions in
regional prediction biases and improved model precision (Fig. 3.6) that are consistent with the
more favorable levels of prediction accuracy (i.e., higher WAIC value, Table 3.3) reported for
the H-RSV hierarchical model as compared to the accuracy levels for any of the non-hierarchical
models. However, the regional prediction accuracies of the hierarchical H-RSV model reflected
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relatively modest improvements in comparison to the regional accuracies of the nonhierarchical NH-RSV model (Fig. 3.6a). The performance comparisons of these two models
(a)

(b)

(c)

Figure 3.6. Performance of the hierarchical Bayesian mean annual streamflow model for the conterminous United
States with regional scale-dependent variance (H-RSV) in relation to the performance of selected non-hierarchical
models for HUC-2 regions: (a) boxplots of the RMSE ratios for the hierarchical H-RSV model and the nonhierarchical NH-RSV model for the 1,778 calibration sites; (b) boxplots of the RMSE ratios for the hierarchical
model H-RSV and non-hierarchical NH-CV model for the 1,778 calibration sites; (c) RMSE ratios for the hierarchical
H-RSV model and the non-hierarchical NH-CV model for the 890 validation sites. Improved performance by the
more complex model is indicated by RMSE ratios below one. Note that some boxplot whiskers and outliers extend
beyond the axis limits.

isolate the effects of the addition of hierarchical model coefficients, given that the hierarchical
model-error variance component is present in both models (note that the RMSE distributions
for the H-RSV and NH-RSV models are similar: medians=0.41 vs. 0.44; interquartile ranges of
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0.27 to 0.58 vs. 0.29 to 0.64, respectively). The improved prediction accuracies of the H-RSV
model were observed to be larger in the eastern regions and typically ranged from less than
10% to about 20% (see RMSE ratios in Fig. 3.6a); larger improvements were observed in the
Tennessee (06) and Red-Rainy (09) regions and reduced accuracies occurred in the Southeast
(03). In the West, there was a net improvement in prediction accuracy in only three regions,
where the median RMSE ratios for the two models are less than one.
In comparisons of the H-RSV model with the much simpler non-hierarchical NH-CV model (Fig.
3.6b), the improvements in prediction accuracies of the H-RSV model were generally larger.
These comparisons reflect the effects of adding both hierarchical model coefficients and a
hierarchical error-variance component. The improved model accuracy was observed to be
larger for the eastern regions, where the median RMSE ratios indicated improvements in
accuracy from about 10% for two regions to more than 50% for three of the regions (New
England -01; Tennessee-06; and Red-Rainy-09. Median increases in accuracy of from 20% to
40% were observed for the Great Lakes (04), Ohio (05), Upper Mississippi (07), and Lower
Mississippi (08) regions. By contrast in the western regions, the RMSE ratios indicated median
increases in model accuracy in only the Missouri (10), Texas Gulf (12), Lower Colorado (15), and
Pacific Northwest (17) regions. Validation of the performance of the H-RSV model in
comparison to that for the non-hierarchical NH-CV model for the 890 validation sites (Fig. 3.6c)
indicates a generally similar spatial pattern of improved prediction accuracy that was observed
for the calibration sites (Fig. 3.6b). Similar to that observed for the calibration sites, the model
performance is better in the eastern regions, but the magnitudes of the improved prediction
accuracies of the hierarchical H-RSV model were somewhat lower for the validation sites in the
East and somewhat more variable results were observed for the western locations.
The reductions in regional prediction biases from the use of hierarchical model coefficients in
the H-RSV model also lowered the levels of statistical significance (p-values) of the tests for
spatial autocorrelation (Moran’s I) for most regions, compared to the autocorrelation test
results for the non-hierarchical NH-RSV model (Table A.2). Three fewer regions (Upper
Mississippi, Lower Colorado, and California) also displayed statistically significant (=0.10)
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Moran’s I tests compared to the results for the NH-RSV model. The national test, although
statistically significant, showed some reduction in the level of significance in comparison to the
levels reported for the non-hierarchical models. However, three regions in the mid-continent
(Missouri-10, White-Red-11, and Texas-Gulf-12) continued to show statistically significant tests
for spatial autocorrelation; these are areas with persistent streamflow prediction biases (Fig.
3.5b), including both over- and under-predictions that are common to all of the nonhierarchical models (Table A.2).
To determine whether other regional groupings could reduce these mid-continent biases,
hierarchical models were evaluated for alternative regional boundaries that divided the midcontinent regions from north to south into neighboring western and eastern regions based on
an 800 mm year-1 precipitation depth along this gradient. This represented an approximate
breakpoint along a steep precipitation gradient that also generally reflected differences in
under- and over-predictions in the H-RSV model. The results for a variety of alternative regional
groupings (for a total of 11 to 14 regions nationally) indicated that the different models were
actually less accurate than the 18-region hierarchical model, based on WAIC model selection
metrics. Thus, the 18 region model specification was used for subsequent analyses. It’s
possible that other more precise selections of regions that are more specific to the midcontinent areas may improve prediction accuracy, but such a selection faces the tradeoff of
reduced monitoring sites for estimating local effects (further investigation of these sub-regional
patterns and their causes are needed, but this is beyond the scope of the current study).
The hierarchical H-RSV model had moderate to negligible effects on the extent of regional
variability in the coefficients for the various explanatory variables (Table 3.7). The sample-size
weighted ratio of the between-region to within-region standard deviations in the regional
parameter means (RSD; see section 2.8) gives an approximate ranking of the explanatory
variables in terms of the relative magnitude of the regional variation in the model coefficients.
The sample size weight for each HUC-2 region corresponds to the number of monitoring sites in
each region (Fig. A.6). In some regions, the mean parameter values may reflect adjustments to
address apparent prediction biases in mid-continent regions (11-Arkansas-Red, 12-Texas Gulf),
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where the largest spatial autocorrelation was found to occur in the non-hierarchical models.
There are also cases where the standard deviation of the distribution of the regional mean
values includes zero, indicating negligible regional effects that are unlikely to be statistically
distinguishable from zero. Additional plots are provided for additional parameters in Fig. A.7.
Among the 12 hierarchical explanatory variables, several parameter groups emerge based on
the magnitude of the RSD variability metric (Fig. 3.7; Fig. A.7; also see Fig. 3.8a). The first group
has RSD values that range from 1.21 to 1.44 and include stream density, urban land, soil clay,
and peak vegetation index. For stream density, the regional parameter means (and standard
deviations) are appreciably different in eastern regions in comparison to the national mean,
with selected regions above and below the mean; parameter values are also greater than the
national mean in the mid-continent regions and less than the national mean in two far western
regions (Fig. 3.7a). Some similarities are evident in the regional patterns for urban land and soil
clay (Fig. A.7), with more negative streamflow responses in several eastern regions and
generally more positive flow responses in mid-continent regions and California; note that for
selected regions, the standard deviations for the distributions of the parameter values include
zero. For all of the parameters in the group with higher RSD values, some of the largest
deviations from the national mean tend to occur in the mid-continent regions (10-Missouri, 11Arkansas-Red, 12-Texas-Gulf), where prediction biases frequently occur in previous models.
Although there’s little evidence in the measures of spatial autocorrelation (Table 3.3) to suggest
that the hierarchical treatment of the model parameters effectively corrected for these biases,
the residual maps (Fig. 3.5b) show reductions in the largest residuals at sites in the midcontinent region as compared with the patterns for the non-hierarchical model (Fig. 3.3b).
RSD values for the second group of parameters range from 0.81 to 0.88, and include runoff,
stream water loss, slope, and the seasonal distribution of precipitation. These parameters
show approximately 30-40% less regional variability as compared to the prior group. The mean
parameter values for runoff (Fig. 3.7c) differ from the national mean in only a few selected
regions without any major spatial patterns in the regional differences. Comparisons among
alternative models with varying numbers of landscape and aquatic loss variables indicated that
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(a)

(b)

(c)

(d)

Figure 3.7. Regional variability in the coefficient values of the hierarchical Bayesian mean annual streamflow
model for the conterminous United States with regional scale-dependent variance (H-RSV) for HUC-2 regions: (a)
stream density; (b) peak vegetation (EVI); (c) runoff; and (d) stream water losses. Mean values are show as points,
inner intervals are for the standard deviation (red), and outer intervals are for the 95% credible interval (blue). The
black horizontal line gives the national mean and the red horizontal line denotes zero. RSD is the sample-size
weighted ratio of the between-region to within-region standard deviations in the regional parameter means (for
explanation see section 2.8).

the magnitude of the regional variability in runoff generally decreased as the complexity of the
model, related to landscape and aquatic decay variables, was increased. In contrast to runoff,
the parameters for stream water loss (Fig. 3.7d) and land slope (Fig. A.7) show distinctive
regional patterns, with parameter values (and water loss) of lower magnitudes in eastern
streams and values with larger magnitudes in western streams; however, the standard
deviation for the parameters for land slope includes zero for many of the eastern regions.
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A lower tier of parameters (Fig. A.7) has RSD values ranging from 0.36 to 0.67 and generally
display relatively little regional variation. Among these parameters, the PET-AET percent
difference variable (a measure of arid conditions) shows larger regional variation. Larger (and
more negative) parameter means are observed in the mid-continent regions (HUC2 regions 8 to
13), the Southeast (3), Great Lakes (4), and California (18), indicating that water delivery to
streams in these regions changes at a somewhat faster rate than the national norm in response
to spatial changes in the extent of arid conditions. A lower flow response to changes in arid
conditions, compared to the national norm, is observed in the Tennessee (6), Upper Mississippi
(7), and in several western regions, including the Colorado Basin (14, 15) and the Pacific NW
(17), which may reflect less variability in arid conditions within some of these regions. Among
the remaining explanatory variables (percent grass land, tile drainage, percent forest), the
model parameters show negligible regional variation (Fig. A.7). Note that the reservoir water
loss variable was treated as a fixed-effects non-hierarchical term in the model, given that a
hierarchical specification of this variable led to model instability and convergence problems;
these results are likely to be related to the insensitivity of this parameter in many regions that
was reported earlier for the non-hierarchical model (Fig. 3.1b).
Multilevel regional differences in the model parameters, which are addressed by the
hierarchical H-RSV model, include random effects on the model coefficients and model
structural uncertainties. As the structural uncertainties are modeled using more precise
methods, such as the regionally varying scale-dependent function in the H-RSV model, the
potential for regional variability in the model coefficients to account for structural deficiencies
in precision may be reduced. To quantify the effect of heteroscedasticity in the model
structural uncertainties on the extent of regional variability in model parameters, the RSD
metrics were compared using a ratio of the RSD values for the two hierarchical models that
include and exclude the heteroscedasticity adjustment (Fig. 3.8b). This comparison indicates
that accounting for heteroscedasticity in the model uncertainties reduces the extent of regional
variability for 8 of the 12 parameters (i.e., a ratio value less than one), with the reduction
ranging from less than 10% to nearly 40%. Regional variability was increased for the remaining
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four parameters (PET-AET percent difference, seasonal distribution of precipitation, stream
water loss, and stream density) from 10% to about 50%.
(a)

(b)

Figure 3.8. Regional variability in the parameters of the hierarchical (H-RSV; HSSP-RV) Bayesian mean annual
streamflow models for the conterminous United States: (a) RSD values for the hierarchical H-RSV (non-state
space) model and for the hierarchical state-space (HSSP-RV) model; (b) Ratio of the RSD metrics for the H-RSV and
H-RV models, which include and exclude the adjustment for heteroscedasticity, respectively (see Table 3.3).

As described at the end of section 2.3 in the methods, a limited evaluation was undertaken to
assess the sensitivity of the regional parameter estimates and their standard errors to choices
about the assumed prior distributional conditions for the parameters. The default prior
condition assumes that the parameters are derived from a national normal distribution with a
single national mean and variance (see equations 2.19-2.22); however, regional restrictions on
the parameter priors could potentially provide a more reasonable characterization of the
underlying probability distributions, for example, related to major regional differences in
climatic conditions (humid eastern vs. arid western regions). Therefore, the results of using
regionally restricted parameter prior distributions and hyper-parameters were compared with
the results of using the default national parameter prior distributions. Two alternative
parameter prior specifications were examined using a Bayesian streamflow model with a
hierarchical runoff parameter and non-hierarchical (fixed-effects) land-to-water delivery and
aquatic water loss parameters (Fig. A.8): the first uses the default national prior normal
distribution for the runoff parameter (see equation 2.21); and the second uses two regionally
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restricted prior normal distributions for the runoff parameter (a modification of equation 2.21
in which two regionally specific prior normal distributions and hyper-parameters are used). The
regional normal distributions were defined according to an eastern area (HUC-2 regions 1-8)
and a western area (HUC-2 regions 9-18). These regional designations were based on
similarities in the regional behavior of the runoff coefficient from previous models in which all
parameters with the exception of runoff were treated as fixed effects (non-hierarchical).
The results indicated that the regional mean coefficients and their standard errors are very
similar for the two alternative (national and regional) constraints on the prior distributions (Fig.
A.8), despite differences in the regional population means and variances. The interquartile
range for the regional mean coefficients is 0.78 to 0.89 for the national normal prior, which is
virtually the same as that for the regional normal priors (0.78 to 0.91). These similarities occur
although differences were observed in the mean of the national and regional normal priors
from which the regional means coefficients are derived; the population mean of the national
prior distribution is 0.86, and is bracketed by the population mean values of 0.81 and 0.92 for
the eastern and western regional prior distributions. Similar results were obtained for the
standard errors of the mean coefficients; the interquartile range for the regional standard
errors of the coefficients is 0.052 to 0.076 for the national normal prior and 0.047 and 0.078 for
the regional normal priors (Fig. A.8). These similarities in standard errors occur despite large
differences in the population standard deviations of the normal prior distribution (0.109) and
the regional prior distributions (0.049 and 0.187 for the east and west, respectively).
3.4 Hierarchical state-space Bayesian model
Results for the state-space model are relevant to question #3 and the associated hypotheses
given in section 1.1. It is hypothesized that (a) the estimated process-related uncertainties (i.e.,
regional mean process variances) will be larger than the measurement errors (regional mean
error variances); (b) regional differences are expected in the process uncertainties and
measurement errors, with larger measurement errors and process uncertainties anticipated for
the western regions of the United States; (c) the process uncertainties of the state-space model
are expected to be similar in magnitude to those for the uncertainties of the non-state-space

123

model; and (d) the use of the state-space techniques will yield valid information about the
process-related uncertainties of the model and the measurement errors of the streamflow
observations, such that the updated streamflow predictions that include process-related
uncertainties will provide more accurate estimates of the latent “true” streamflow at a set of
validation sites than predictions based on a non-state-space model.
The hierarchical state-space streamflow model (HSSP-RV; equation 2.36) provides an explicit
accounting of the uncertainties in the model coefficients and structure as well as the responsevariable observations (measurement errors). The model coefficients and model-error variance
component varies according to the 18 HUC-2 regions, using an identical regionally-variable
error-variance component as that used in the H-RV model (adding the scale-dependent
properties of the error variance in the H-RSV model overly increased model complexity and
model convergence was not achieved with this specification). Tabular results for the posterior
distributions for the model coefficients and uncertainties are provided in Table A.7, with
diagnostic results given in Fig. 3.9 and Fig. A.9. According to the state-space specification, the
model uncertainties include explicit estimates for the measurement errors (Fig. 3.9 – 3.10) and
process-related errors (Fig. 3.11). The estimated measurement uncertainties associated with
the model response variable are equivalent to the residual errors of the model, once the
process uncertainties have been accounted for (Fig. 3.9).
The overall fit of the state-space model shows a generally expected improvement in model
accuracy, corresponding to a NS efficiency of 0.9927 (Table A.9; a 5% increase over the NS
efficiency of the non-state-space hierarchical model). The improved accuracy reflects the
comparatively small measurement errors (average RMSE=0.20) in relation to the process
uncertainties (average RMSE=0.42), which is also influenced by the separate accounting of the
process uncertainties by an explicit error component of the model (see equation 2.36).
Conventional diagnostics for the model residuals are consistent with these results, including
plots of the observed water volumes and yields relative to the predicted values as well as model
residuals (Fig. A.9), station distributions of the ratios of the observed to predicted streamflows
that are centered closely about a value of one (Fig. 3.9a; Table 3.3), and a national map showing
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relatively small residual errors for the state-space model at the calibration monitoring sites in
regions throughout the United States (Fig. 3.9b). In the state-space specification, measurement
errors explain the deviations of the observed to predicted water volume ratios from one; the
values of the ratios range from 0.98 to 1.01 at more than 50% of the stations and less than 20%
of the stations have predicted streamflows that differ by more than 10-15% of the observed
flows. The measurement errors were also found to have reduced levels of spatial
autocorrelation (Table 3.3) nationally and in all regions, except for three regions (10-Missouri,
12-Texas-Gulf, and 16-Great Basin) that continue to show statistically significant (p<0.10) spatial
autocorrelation.
(a)

(b)

Figure 3.9. Calibration results for the hierarchical state-space HSSP-RV Bayesian mean annual streamflow model
for the conterminous United States: (a) boxplots of mean ratio of the observed to predicted water volume for the
calibrated model for stream reaches by HUC-2 regions; (b) national map of mean values of the model calibration
log residuals (measurement uncertainties).

Despite the intrinsic random structure of the measurement errors in the state-space model and
their relatively small magnitude, appreciable differences are evident in the standard deviations
(RMSEs) of the regional measurement errors (

in equation 2.35) across the HUC-2 regions

(Fig. 3.10a; Table A.7). These regional patterns are also highly correlated with the regional
patterns in the standard deviations of the regional process uncertainties (

in equation 2.34).

Considerably higher measurement-error RMSEs are observed in many of the western regions
than those in the eastern and mid-continent regions (red symbols in Fig. 3.10a). The RMSEs in
the eastern and mid-continent regions (HUC-2 regions 1 to 11) have a median of 7%, with an
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interquartile range of 4% to 17% and maximum of 21%; the mid-continent regions also show
somewhat larger measurement errors than observed for the eastern regions. By contrast, the
western regions (HUC-2 regions 12 to 18) have measurement errors that are typically about 2x
to 5x larger than those observed in eastern and mid-continent regions, with a median of 37%
and an interquartile range of 34% to 45% and maximum of 57%. As an exception to this spatial
pattern, the Upper Colorado shows a measurement error of 7%, which is more similar to that
observed for the eastern regions. The estimates of measurement error for eastern and midcontinent regions were observed to be generally within the range of expected errors in
streamflow measurements, based on literature estimates of the accuracy of stage-discharge
ratings and velocity measurements (Harmel et la. 2006). Some very approximate agreement
was also observed in the East-West geographic patterns and the magnitudes of the
measurement errors, based on comparisons with USGS assessments of rating-curve
measurements for US gages in 2014 (J. Kiang, USGS, written comm., 2015); further details are
given the discussion section.
(a)

(b)

Figure 3.10. Model uncertainties for the hierarchical state-space HSSP-RV Bayesian mean annual streamflow
model and the hierarchical H-RSV Bayesian mean annual streamflow model for the conterminous United States:
(a) Plot of the RMSEs for the measurement errors and process uncertainties for the state-space model (HSSP-RV)
and the RMSEs for the model uncertainties of the hierarchical H-RSV model; (b) Ratio of the process uncertainty
RMSEs of the state-space model (HSSP-RV) to the model uncertainty RMSEs of the hierarchical H-RSV model.
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Some limited evidence was observed that the state-space estimates of measurement errors
may be sensitive to errors in the explanatory variables—errors that would be expected to
potentially increase as incremental drainage areas decrease in size and the resolution of the
geospatial data for the SPARROW model is degraded. For example, results were evaluated for
an initial state-space streamflow model that included 50% more stations (total of 2,628 sites),
with the additional sites located in close proximity to one another (fewer than 5 reaches
between sites; < ~300 km2). The measurement errors estimated by the initial state-space
model were 2x to 3x larger in eastern and mid-continent regions than those associated with the
final state-space model; in western regions, the measurement errors of the initial state-space
model were about 1.5x larger. The magnitude of these measurement errors, especially in
eastern regions, was substantially larger than the errors expected for the measurement of
streamflow—i.e., measurement errors in water velocity and state-discharge rating curves
related to sampling errors. With reductions in the size of the incremental areas of the
monitoring sites as evaluated in these sensitivity tests, measurement errors in runoff might be
expected to increase, related to intrinsic errors in the measurement of precipitation and
temperature at these smaller spatial scales; larger additional errors may also occur in
mountainous western regions where precipitation is more difficult to measure. Further
evaluations of these spatial resolution effects are warranted in future studies, including
evaluations of the explicit accounting of uncertainties in the climate forcing or other input data
in the state-space model.
For the state-space model, the regional patterns of variations in the regional mean coefficients
that were observed for the posterior parameter distributions of the non-state space
hierarchical H-RSV model (Fig. 3.7) are generally unchanged in the state-space model.
However, the parameters of the state-space model tend to show fewer spatial differences in
their regional mean coefficients across the HUC-2 regions, based on a comparison of the RSD
metrics for the state-space (HSSP-RV) and non-state space (H-RSV) models (i.e., the median
ratio of the RSD metrics for the state-space to the non-state space hierarchical models has a
median=0.98, and interquartile range= 0.84 to 1.05). Among the four model parameters with
the largest levels of regional variation in the hierarchical non-state space H-RSV model (Fig.
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3.7), two of the parameters (stream density, soil clay) show less regional variability, whereas
two (urban area, peak vegetation index) show more regional variability. For the remaining
explanatory variables, the regional variability in the state-space regional mean parameters are
typically about the same or less than the regional variation in the non-state space model
parameters.
The national mean coefficients estimated in the state-space model generally show relatively
small differences with those estimated in the non-state space model—the median difference is
2% and the interquartile range is 4% to 13%; the largest differences are observed for urban land
and water loss in streams and reservoirs. There is modest evidence of increased precision in
the national mean coefficients (Tables A.6 and A.7) for the state-space model. Seven of the
thirteen mean parameter values show smaller standard errors, including the standard errors for
runoff, grass land, peak vegetation index, soil clay content, the PET/AET difference,
precipitation seasonal distribution, and the in-stream water losses; these correspond to
increases in precision of less than 6 percent, with the exception of runoff (18%) and in-stream
water losses (13%).
Nationally, the 18 regional standard deviations (RMSEs) for the process uncertainties (

in

equation 2.34) have a median of about 0.40 and interquartile range of from 0.30 to nearly 0.60
(Fig. 3.10a). The process uncertainty RMSEs span a similar range of values as the RMSEs
associated with the non-state-space H-RSV model; the RMSEs of the H-RSV model generally
reflect the combined influences of process uncertainties and measurement errors. However,
the process uncertainty RMSEs of the state-space model (as well as the RMSEs of the non-statespace model) display appreciable regional differences (Fig. 3.10), with much larger process
RMSEs evident in western than in eastern regions. Additionally, the state-space model,
although showing consistently larger process RMSEs than measurement-error RMSEs over all
regions (with the exception of region 17, Pacific NW), highlights systematic differences in the
relative importance of the process uncertainties and measurement errors from east to west
across the US. In the eastern and mid-continent regions, where the measurement-error RMSEs
are among the smallest, the process RMSEs are about 5% to 30% larger than the RMSEs of the
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non-state-space model (Fig. 3.10b; note the one exception for the Great Lakes region). By
contrast, in western regions where measurement errors represent a larger fraction of the
model uncertainties, the process RMSEs are typically about 10% smaller than the non-statespace model RMSEs (note the one exception of the Upper Colorado). The regional estimates of
the process RMSEs for the SPARROW model were found to generally agree with estimates of
mean annual variability reported for the 18 HUC-2 regions in a prior regression-based modeling
study (Vogel et al. 1998), including the finding that the RMSEs of the regional regression models
were highly positively correlated with a dryness index (see discussion section for more details).
Re-expressing the process uncertainties, via exponentiation (

in equation 2.34), as

a fractional multiplier on the incremental reach water volume and plotting the uncertainties as
a function of region and total streamflow provides information about how the process
uncertainties change by location (station incremental drainage areas; Fig. 3.11) and with
drainage size (Fig. A.10). The process uncertainties) typically account for 10% to 20% of the
incremental water volume in most regions (Interquartile range=0.90 to 1.18; median = 1.02).
Somewhat larger uncertainties are observed in the mid-continent and selected western regions
(Fig. 3.11), consistent with the larger process RMSe observed in these regions (Fig. 3.10a).
(a)

(b)

Figure 3.11. Station mean values of the process uncertainties of the hierarchical state-space HSSP-RV Bayesian
mean annual streamflow model for the conterminous United States: (a) boxplots of observed to predicted mean
process uncertainties, expressed as a fraction of the incremental water volume, for the calibrated model for
stream reaches by HUC-2 regions; (b) national map of the mean process uncertainties for 1778 calibration stations.
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Spatial patterns in the process uncertainties indicate that some regional and localized clustering
of large errors (both positive and negative) occur, some of which is observed to occur
longitudinally along selected rivers (20-50% and >50%; triangles in Fig. 3.11b). For example,
process uncertainties in the southwestern U.S., with mean values above one that adjust for
under-predictions of water volume, are observed along selected rivers in the Upper Colorado
Basin and the Gila River Basin in southern Arizona. However, tests for spatial autocorrelation in
the station mean values of the process uncertainties, based on use of Moran’s I for Euclidian
distance weightings among all possible pairs of station incremental areas, revealed very limited
evidence of statistically significant spatial covariance. Only two regions (Rio Grande – 13; Lower
Colorado – 15) showed statistically significant (alpha=0.10) spatial autocorrelation, with the pvalues substantially higher than 0.20 for most other regions and nationally among all stations
(p=0.55). Statistically significant spatial autocorrelation was observed for watershed specific
station pairings by hydrological distance for only two large watersheds, Red River in Arkansas
and the Rogue River in Oregon.
There’s also some very modest evidence of heteroscedasticity in the process uncertainties (Fig.
A.10a), associated with somewhat smaller uncertainties in watersheds with larger total
drainage area. The process uncertainties are functionally linked to the incremental drainage
areas in the model specification, and therefore would not be expected to display a systematic
relation with total drainage area. However, there are perhaps some minor spatial scaledependent effects that are realized during estimation, related to the drainage-area dependency
that was observed in the RMSEs of the non-state-space H-RSV model, given their likely
correlation with the location of the small-scale process uncertainties. This may partially explain
the non-convergence of a state-space model that also included a drainage-area dependent
error-variance component, owing to some competition between the two error components as
well as the computational challenges of an overly complex model specification.
A comparison of validation results for the hierarchical streamflow models with (HSSP-RV) and
without (H-RSV) the state-space error structure is used to assess the utility of using the process
uncertainties from the state-space model to obtain updated streamflow predictions at nearby
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sites. This has relevance to decisions about how reliably the information on process
uncertainties can be transferred to other watershed locations. The distributions of the ratios of
the observed to predicted water volumes for the two models display similar regional patterns
(Fig. A.11) and similar percentiles (non-state-space model H-RSV median ratio=1.02 with
interquartile range = 0.87 to 1.18; state-space HSSP-RV median ratio=1.02 with interquartile
range of 0.87 to 1.21). The interquartile range of the observed to predicted ratios for the statespace model is also similar to that for the calibration sites. However, the RMSE ratios (Fig. 3.12)
indicate that the state-space model predictions tend to be generally less accurate (ratios > 1)
than the non-state-space model predictions at the validation monitoring sites in many regions.
Prediction accuracy was improved by accounting for the process uncertainties in only a few
western regions (12-Texas Gulf; 15-Lower Colorado; 16-Great Basin; and 18-California).
Reductions in prediction accuracy with the state-space model is observed at a majority of the
validation sites in other regions, including New England (1), Great Lakes (4), Ohio (5), Rio
Grande (13), and the Upper Colorado (14).

Figure 3.12. Performance of the state-space HSSP-RV mean annual streamflow model in relation to the
performance of the non-state-space H-RSV mean annual streamflow model for 890 validation stations in the
conterminous United States. RMSE ratios for the HSSP-RV model and the H-RSV model. Improved performance by
the state-space model is indicated by RMSE ratios below one.
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The validation sites were additionally screened to identify a subset of sites that share larger
fractions of their total area with the calibration site incremental drainage areas. The
assumption is that this subset of sites would be more likely to show potential improvements in
prediction accuracy, related to a more reliable spatial extrapolation of the calibration process
uncertainties to nearby sites and drainage areas. However, there are limitations in this
approach. Up to as many as 150 validation sites could be identified with more than 40% of
their total drainage area overlapping with the incremental areas of the calibration sites, but the
overlapping area was typically no more than 50% of the area associated with the calibration
sites. Comparisons of the prediction bias and precision, based on the ratio of the observed to
predicted streamflows, produced results that were not appreciably different from those shown
in Fig. 3.12. These results are also generally consistent with the lack of evidence of spatial
autocorrelation that was observed in the process uncertainties.
In sum, the findings suggest that the process uncertainties, which are estimated for the
incremental drainages of the monitoring sites, reflect the effects of latent processes on
streamflow generation and delivery to streams for mean-annual conditions that are unique to
relatively small areas and cannot be reliably extrapolated to nearby drainages. The higher
accuracy of the non-state-space H-RSV model at the validation stations indicates that the scaledependent (drainage area related) component of the error-variance in this model offers some
advantages in precision that are not seen in the state-space model. Chapter 4 presents a
contrasting case for the Susquehanna River Basin where spatially correlated process
uncertainties improve the accuracy of the seasonal model predictions for watersheds outside of
the calibration drainages.
3.5 Streamflow predictions for the hierarchical state-space model
Predictions of mean annual streamflow are generated from the hierarchical state-space model
for approximatley 66,000 stream reaches in the conterminous United States (Fig. 3.13), with
normalized measures of uncertainties in the mean annual streamflow reported in Fig. 3.14. The
predictions of streamflow reflect the considerable mean-annual climatic differences that occur
regionally as well as the river-size related effects of flow accumulation in the regional river
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networks. Mean annual water yield is reported for both the total drainage area above each
reach (Fig. 3.13a) and for the incremental drainage area of each reach (Fig. A.12), with the
latter showing differences in yield that are primarily controlled by regional differences in
climate and local process effects on water generation and loss. The former measure of yield for
total drainage areas reflects the outcomes of process controls on the “local” incremental yield,
but additionally illustrates the cumulative losses of water per unit area that occur in large
rivers, such as the Mississippi, Ohio, and many western rivers (highlighted in dark red in Fig.
3.13a).
(a)

(b)

Figure 3.13. Predictions of mean annual streamflow for reaches of the conterminous United States based on the
hierarchical state-space Bayesian model: (a) Streamflow yield for the total reach drainage area (b) Streamflow
delivery fraction—the cumulative fraction of the stream water volume delivery to the downstream terminus of the
stream as a function of water losses in streams and reservoirs;

The effects of evaporation- and recharge-induced water losses on the accumulation and
transport of flow in stream channels are illustrated using a mean-annual cumulative delivery
fraction metric that is displayed in Fig. 3.13b. The cumulative delivery fraction measures the
fraction of the stream water volume or yield in a given reach that is delivered to the
downstream terminus of the river network as a function of the cumulative losses of water in
streams and reservoirs between the reach and the downstream terminus. The map of delivery
fractions shows a dendritic pattern of water delivery in the more humid regions of the US. This
reflects the stream-size related gradient in water loss that contrast zero losses in large rivers
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(mean flow > 28 m3/s) with the losses in small streams estimated by the reaction-rate step
function. Use of the first-order exponential water loss function would sharpen the gradient and
reveal a more detailed dendritic pattern of loss. In humid regions of the country, cumulative
delivery fractions of one are observed in the mainstems of the largest rivers (e.g., Mississippi
and tributaries, major rivers of the Southeast). By contrast, water losses are estimated to occur
in lower-order streams, where delivery fractions range from 0.50 to 0.99, owing to the higher
water loss rate coupled with the large cumulative losses that occur during long water transient
times in small streams. In arid regions of the country in the western US, and especially the
southwestern Colorado River basin, the delivery fractions are typically substantially less than
0.40. These include the effects of the higher regional water-loss coefficients estimated for
these regions by the hierarchical model.
Coupling the predictions of water yield in the incremental drainage areas of the reaches with
the cumulative effects of water loss in channels as reflected by the delivery fraction provides an
estimate of the water volume delivery to the continental margin, normalized for the
incremental source areas (i.e., the delivered incremental water yield; Fig. A.12). Comparison of
the non-delivered and delivered incremental water yields (Fig. A.12) can be used to identify the
relative importance of different drainage areas as to their areal contributions of water to
estuaries along the continental margin and to interior closed basins. Although the comparisons
show fewer differences in the more humid watersheds of the U.S. because of the relatively
small rates of net water loss in aquatic environments, increased heterogeneities in water
delivery to estuaries are apparent in many watersheds in eastern coastal and piedmont regions
and in Gulf coastal areas (denoted by the increased occurrence of light blue shading in Fig.
A.12). In arid western regions, marked differences are apparent as considerable water losses
occur in streams and reservoirs that appreciably reduce the downstream transport of water
from interior basins (as denoted by the increased occurrence of dark red shading in Fig. A.12).
Uncertainties in the predictions of mean annual streamflow (3.14), based on the Bayesian
posterior distributions of the predictions, provide estimates of the probability that the true
value of the annual mean lies within the reported credible interval corresponding to a
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probability of 0.68 (i.e., standard deviation). The credible interval is normalized by the mean
and thus reported as a ratio of the credible interval value to the mean for each stream reach.
The 68% credible interval shows the expected smaller uncertainties for eastern regions, with
interquartile ranges typically falling between 0.04 and nearly 0.20 (i.e., 4% to 20% of the mean).
Mid-continent and western regions show larger uncertainties, with interquartile ranges
spanning values of 0.10 to about 0.90. In addition to regional differences in uncertainties,
drainage size-related spatial variations can also be seen within regions, with the larger streams
and rivers (e.g., Mississippi, Ohio, Colorado) showing uncertainties that are substantially less
than those reported for tributaries and lower-order streams. These size-related patterns are
likely to primarily reflect the effects of the greater averaging of prediction errors over larger
drainage area sizes. Although not shown, the uncertainties corresponding to a 95% credible
interval show the identical regional and river-size spatial patterns as observed for the 68%
credible intervals, but are typically about 3x larger in magnitude. The interquartile ranges of
the 95% uncertainties range from about 0.10 to 0.50 in eastern regions, whereas the
interquartile ranges in western regions displaying values that range from 0.30 to more than 2.0.
(a)

(b)

Figure 3.14. Uncertainties in predictions of mean annual total streamflow for reaches of the conterminous United
States based on the hierarchical state-space Bayesian model. Normalized measures of uncertainties are expressed
as the ratio of the credible interval to the mean annual streamflow, with the credible interval defined as the
probability (0.68 to approximate one standard deviation) that the true mean lies within the stated interval: (a)
Ratio for the 68% credible interval (standard deviation) of the mean streamflow by HUC-2 regions; (b) Mapped
reach values of the ratio for the 68% credible interval.
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CHAPTER 4
RESULTS: THE SUSQUEHANNA DYNAMIC STREAMFLOW MODELS

4.1 Non-hierarchical Bayesian fixed-effects models
Related to question #1 and the stated hypotheses in the introduction (section 1.1), the results
for the accuracies (RMSEs) of five SPARROW models (Fig. 4.1a) provide information relevant for
evaluating the most accurate descriptors of climate forcing in the SPARROW model and the
effects of adding landscape and aquatic variables to the model: models 1 and 2 use the inputs
to the Thornthwaite water-balance model as climate-forcing variables in SPARROW, whereas
models 3 to 5 the water-balance predictions of unit-runoff as the primary climate-forcing
variable in the model. Similar to the findings for the national model, the performance of the
streamflow models based on the use of the water-balance predictions of unit-runoff were
found to be more accurate than models that alternatively used the input components of the
water balance as explanatory variables. Models 1 (precipitation only) and 2 (precipitation as a
source with temperature and available water capacity as land-to-water interaction factors)
both have higher RMSEs, and the models perform more poorly in comparison to the models
that use unit-runoff predictions from the water balance. The RMSE (0.3457) of model 3, with
only unit-runoff as a predictor variable, was nearly a 30% less than the RMSE of model 2
(RMSE=0.4802). Adding complexity to model 3 leads to negligible changes in RMSE, either
based on adding land-to-water delivery factors to the runoff-based model (i.e., model #4) or
adding water losses in stream channels (i.e., model #5).
The performance metrics and coefficients for the nonlinear least squares (NLLS) estimated
runoff-based models are presented in Table 4.1. The non-hierarchical Bayesian version of this
model is presented in Table 4.2, which is discussed later in this section. The models include a
total of five explanatory variables: the Thornthwaite-based runoff source-water input, three
land-to-water delivery factors, and water losses in streams and reservoirs, estimated as a
continuous first-order function of water travel time and channel depth based on an estimated
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mass-transfer coefficient. A graphical summary of the seasonal values of the monthly waterbalance model are presented in Appendix B (Fig. B.1).
(a)

(b)

Figure 4.1. Performance of the fixed-effects nonlinear least squares (NLLS) mean seasonal streamflow model for
the Susquehanna River Basin: (a) RMSE of the alternative models, where models 1 and 2 use water-balance inputs
(precipitation, temperature, available water capacity) as explanatory variables; and model 3, 4, and 5 use the
water-balance predictions of unit-runoff as an explanatory variable; (b) Sensitivity (percent change) in streamflow
to a one-percent change in the land-to-water parameter (inner interval=standard deviation; outer 95% interval).
Table 4.1. Results of the nonlinear least squares (NLLS) model of mean seasonal streamflow for the Susquehanna
River Basin.
Parameter

Parameter

Coefficient

Mean

Standard

t

p

Units

Units

Estimate

Error

statistic

value

Source
Runoff

m3 / season

dimensionless

1.0688

0.0090

118.76

<0.0001

EVI (Enhanced Veg. Index)#

dimensionless

dimensionless

-1.0435

0.0856

-12.19

<0.0001

Urban land

percent

dimensionless

0.4035

0.1301

3.10

0.0020

Soil permeability

percent

dimensionless

0.0186

0.0081

2.30

0.0222

m / day

0.0003

Land-water delivery

Channel and reservoir water losses
Mass transfer coefficient*
N observations

day / m

-

2720

RMSE

0.3364

R-Square Yield

0.8388

NS Efficiency

0.9713

# EVI is adjusted for correlation with runoff prior to inclusion in the model (see text).
* The standard error of the water loss coefficient was not estimable in the NLLS solution.

-

-
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A comparison of the ratios of the observed to the predicted streamflows for two of the
models—precipitation-only (Fig. 4.2; model #2 from Fig. 4.1a) and runoff-based (Fig. 4.3; model
#3 from Fig. 4.1a)—shows notable differences in the accuracy of the models for the monitoring
stations both in space (HUC-8 hydrologic units) and time (32 seasons during 2001 to 2008). The
precipitation-based model (with temperature and soil moisture) tends to under-predict
streamflow (median observed to predicted ratios > 1) in virtually all hydrologic units, suggesting
that the model allows too much water loss to occur throughout much of the basin (Fig. 4.2a).
Many of the upper ends of the interquartile ranges of the observed to predicted ratios reflect
under-predictions of more than 30% (ratio of 1.3). The runoff-based model also shows a
systematic pattern of under-prediction, but displays higher levels of precision than the
precipitation-based model as evidenced by the much narrower interquartile ranges in the
observed to predicted ratios among the HUC-8 hydrologic units—most interquartile ranges fall
within +/- 20%--i.e., ratios <0.8 and >1.2 (Fig. 4.3a); the runoff-based model also shows
somewhat less prediction bias in the lower Susquehanna region (i.e., HUC6 = 2050301 and
higher in Fig. 4.3a).
(a)

(b)

Figure 4.2. Boxplots of ratio of observed to predicted water volume for the fixed-effects nonlinear least squares
(NLLS) mean seasonal streamflow model for the Susquehanna River Basin. Explanatory variables include
precipitation, temperature, and AWC. (a) Ratios for streams in HUC-8 watersheds; (b) Ratios for streams in seasons
2001-2008.

138

Larger differences are apparent in the performance of the models over time (Fig. 4.2b, 4.3b),
with evidence of more accurate seasonal predictions for the runoff-based model. The
precipitation-based model tends to either grossly over- or under-predict streamflow for most
seasons, with streamflow predictions greater or less than the observed values by +/-20%. For
the precipitation-based model, over-predictions occur more commonly in the summer and fall
seasons during periods of lower streamflow, whereas under-predictions are common to winter
and spring seasons during periods of generally higher streamflow. By contrast, the runoffbased model shows much higher accuracy for a majority of the seasons with most of the
seasonal interquartile ranges in the ratio of the observed to predicted values inclusive of a
value of one; these also span a narrower range than observed for the precipitation-based
model. The interquartile ranges of the observed to predicted ratios indicates that the
predictions from the runoff-based model are typically within +/-20% of the observed
streamflows for all but about 25% of the seasons over the 2001-2008 period.
(a)

(b)

Figure 4.3. Boxplots of ratio of observed to predicted water volume for the non-hierarchical (NH-CV) mean
seasonal streamflow model for the Susquehanna River Basin. Explanatory variables given in Table 4.2. (a) Ratios
for streams in HUC-8 watersheds; (b) Ratios for streams in seasons 2001-2008.

Comparisons of the boxplots in Fig. 4.3a with those in Fig. 4.3b indicate that the runoff-based
model (with a constant model coefficient for the entire SRB) predicts streamflow with greater
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accuracy over space than over time. This is evidenced by the larger deviations of the model
predictions during specific seasons and years—i.e., in both medians and interquartile ranges—
from a value of one (Fig. 4.3b). By contrast, the spatial variations in predictions accuracy are
generally smaller, with virtually all of the HUC-8 watersheds showing interquartile ranges in the
predictions that include the value of one (Fig. 4.3a). This is indicative of the challenge for any
watershed model to accurately describe streamflow during specific seasons and years when
climatic and hydrological conditions are more extreme. The spatial variation in the ratios of the
observed to predicted streamflows across HUC-8 hydrologic units reflects variations among
monitoring stations that number as few as two monitoring stations to as many as ten stations in
each of the HUC-8 units. The plot of the ratios of the observed to predicted values over space
(Fig. 4.3a) highlights the general accuracy of the model predictions, based on the use of a single
runoff coefficient for the SRB, during the majority of seasons and years when streamflows are
more typical. The more extreme deviations of the model predictions from the observed
streamflows (e.g., ratios >1.3 and <0.8) occur during particular years and seasons when climatic
conditions are more unusual. Therefore, when the accuracy of the model predictions is
disaggregated and evaluated according to time (Fig. 4.3b), the relatively poor performance of
the runoff-based model during these more extreme climatic periods across all stations (n=85)
becomes more apparent. The limited performance of the model during these specific time
periods of more extreme conditions identifies the key domain for the occurrence of major
process uncertainties in the predictions, and thus represents fertile ground for process-related
improvements in the model. These errors reveal time periods when a universal misspecification of the modeled runoff response to precipitation occurs, based on the use of a
single runoff coefficient (equation 2.8; Table 4.1), across large regions of the Susquehanna
Basin.
The explanatory variables in the NLLS-estimated runoff-based streamflow model (Table 4.1;
equation 2.8) are all statistically significant for =0.02. Adding the three land-to-water delivery
factors to the model resulted in only about a 3% further reduction in the RMSE (Fig. 4.1a). The
Enhanced Vegetation Index (EVI) coefficient has a negative sign, whereas urban land
percentage and soil permeability have positive signs. Therefore, drainage areas with larger
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percentages of urban area and more permeable soils are associated with larger streamflow
volumes. The negative sign of the EVI indicates that larger water losses and reduced
streamflow are associated with stream locations and seasons and years with higher EVI values.
This relation is suggestive of the effects of variations in transpiration associated with spatial and
temporal changes in vegetative cover. EVI is also positively correlated with the percent
forested land cover, which also had a negative coefficient sign in preliminary models; however,
EVI was found to be an improved predictor variable with information on both space and time
variability in vegetative cover throughout the Basin. Note that to improve the statistical
uniqueness of the EVI measure and its association with streamflow in the SPARROW model, a
runoff-adjusted value of EVI was used as a predictor variable (Table 4.1; see methods section
2.6 for details).
Among the three land-to-water delivery variables, the parameter sensitivities indicate the
relative importance of the explanatory variables; sensitivities span nearly one-order of
magnitude, indicating that predictions of streamflow change on average by 0.01 to 0.1 percent
in response to a one-percent change in each of these explanatory variables (Fig. 4.1b). The
magnitudes of the streamflow sensitivities are similar to those observed for explanatory
variables in the national steady state model. Among the land-to-water variables, streamflow
predictions are most sensitive to changes in the EVI, which are nearly an order of magnitude
larger than that observed for urban land percentage and soil permeability. The sensitivities of
streamflow predictions to spatial and temporal changes in EVI are generally similar on average
(Fig. B.2a,b); however, much greater variation in flow sensitivity is associated with the seasonal
and annual (intra- and inter-annual) changes in EVI (Fig. B.2b). Spatial changes in streamflow
across the HUC-8 regions in response to a one-percent change in EVI typically span a rather
narrow range from about 0.07 to 0.11 percent (interquartile ranges) with a maximum of about
0.15 (see Fig. B.2a). Lower values of the streamflow sensitivities are observed, for example, in
the less forested HUC-8 watersheds in the lower Susquehanna Basin (2050301 to 2050306). By
contrast, temporal sensitivities in streamflow across seasons and years typically range over an
order of magnitude from 0.02 to 0.2 percent, with outlying streamflow sensitivites observed in
the range 0.2 to 0.4 percent (see Fig. B.2b). Some of the largest and most widespread
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streamflow sensitivities (0.1 to 0.2 percent) occurred across Basin streams during both summer
and winter seasons during the years 2001 to 2004.
Streamflow sensitivity to percent urban land area is typically fairly low for most streams in the
Basin, with changes in flow of less than 0.02 percent in response to a one percent change in
urban area (Fig. B.2c). However, in selected more highly urbanized drainages, the streamflow
response can range up to nearly 0.40 percent. The streamflow response to soil permeability
across the HUC-8 regions (Fig. B.2d), which typically ranges from 0.005 to 0.02 percent, is
relatively small in comparison to the flow response to EVI and percent urban land area.
Adding a net water-loss component for channels (streams and reservoirs) to the model
increased the RMSE of the model by only a fraction of a percent. Although the mean masstransfer coefficient was very small but estimable using NLLS, the estimate of the standard error
was difficult to obtain, owing to complications related to the very small magnitude of the effect
of channel water losses on streamflow, coupled with possible parameter correlations with
other explanatory variables. The Bayesian non-hierarchical simulation (Table 4.2; for model in
equation 2.8) provided a more robust estimation of the probable distribution of the stream
mass-transfer coefficient, based on the use of a continuous water loss function, despite the
small magnitude of channel losses of water. The resulting model has a slightly higher RMSE
than the model without channel water loss (RMSE = 0.3368 vs. 0.3364), but reflects the small
additional uncertainties in predictions related to accounting for water losses in channels.
Differences in the other model coefficients were relatively minor for models with and without a
channel water loss component, except for soil permeability, which showed a somewhat larger
mean value and standard error.
Estimating water losses in channels presents a particular challenge because of the intrinsic
correlation between the estimates of mean water time of travel, mean depth, and runoff on
which the estimated channel water loss is dependent. The real-time determination of travel
time and water depth during the estimation of model coefficients, although feasible, was likely
to accentuate these problems and was avoided by instead using streamflow predictions from
the initial runoff-based model (model 3 in Fig. 4.1a) to estimate travel times and mean channel
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depths. The non-hierarchical Bayesian model (Table 4.2) is based on estimating a single masstransfer coefficient as part of the continuous stream loss function, which was applied to both
stream channels and network reaches associated with reservoirs. A model specification with a
separate water-loss coefficient for reservoirs presented convergence problems. Also,
evaluations of the discrete step-function for various flow size classes (i.e., order of magnitude
flow class breakpoints from 0.283 to 283 m3/s) showed less of an effect on streamflow than
was observed using the continuous water loss function.
Table 4.2. Results of the non-hierarchical Bayesian constant-error variance (NH-CV) model for mean seasonal
streamflow for the Susquehanna River Basin.
Parameter

Mean

Standard
Deviation

Percentiles
25th

50th

75th

Source
Runoff

1.0725

0.0095

1.0652

1.0723

1.0791

-1.0188

0.0893

-0.9555

-1.0195

-1.1882

Urban land

0.3564

0.1252

0.2689

0.3606

0.4412

Soil permeability

0.0294

0.0138

0.0189

0.0287

0.0390

0.0003

0.0002

0.0001

0.0002

0.0004

0.3368

0.0045

0.3336

0.3366

0.3401

Land-water delivery
EVI (Enhanced Veg. Index)#

Channel and reservoir water losses
Mass transfer coefficient
RMSE
N observations
NS Efficiency

2720
0.9713

WAIC
-902.6
# EVI is adjusted for correlation with runoff prior to inclusion in the model (see text).

The mean mass-transfer coefficient value associated with the continuous water-loss function
(Table 4.2) is 0.0003 m/day with a standard error of 0.0002 (Table 4.2). Although highly
uncertain, the estimated mass-transfer coefficient provides valuable information about the
possible range of net water losses in channels during seasons over the 2001 to 2008 period.
According to the estimated first-order water-loss relation, the rate of water loss per unit of
travel time, expressed as a reaction rate constant (quotient of the mass-transfer coefficient and
mean channel depth), is inversely related to stream channel size (see Fig. B.3a). Values of the
reaction rate constant are estimated to fall between 0.0001 and 0.5 per day for the range of
water depths that occurred throughout the Susquehanna Basin streams during season of the
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2001 to 2008 period. However, for the more commonly occurring range of water depths during
these years, based on the interquartile range, the reaction rate constants more typically lie in a
narrower range in the vicinity of 0.005 per day (Fig. B.3b). This is about an order of magnitude
less than the reaction rate constant for the step function estimated for streams in the national
steady state model (and 40% less than the mass-transfer coefficient used in the continuous loss
function).
The Susquehanna Basin reaction rate constants can be converted to a spatially integrated
measure of the channel water transport in individual reaches, expressed as a percentage of the
incoming water runoff that is delivered to the outlet of the reach (Fig. B.3c), by accounting for
the water time of travel in NHD reaches in the Basin—reaches that are commonly less than
about a kilometer in length. This produces reach-scale net water-loss estimates that are
typically less than one-tenth of one percent in most seasons over the 2001 to 2008 period (see
details in Fig. B.3c). Water losses of up to 1% to 2% are estimated for reaches in selected years,
with greater losses apparent in the drier years in 2001 and 2002. The fractions of water
transported to the Susquehanna Basin outlet to the Chesapeake Bay from the streams of
interior watersheds by season and year (Fig. B.3d) are only slightly larger. The integrated losses
of water over channel distances up to 600 kilometers in length are typically less than 1%, with
water losses of 1% to 6% occurring in selected reaches during especially low flow seasons in
2001, 2002, and 2005. Based on the Bayesian upper credible interval for the mass-transfer
coefficient, there’s a 95 percent likelihood that the channel losses are no more than about 3x
larger than these magnitudes.
Other explanatory variables, some of which were evaluated in the national model, were
assessed but found to be statistically insignificant, with streamflow predictions relatively
insensitive to their presence in the model. These included surface-water withdrawal estimates
(based on reach-level information obtained from the USGS and the Susquehanna River Basin
Commission), PET-AET percent difference, water recharge, stream density, land slope, static
measures of other land-use classes (e.g., agriculture, wetlands), and annual measures of land
use based on linear interpolations of NLCD data from 2001, 2006, and 2012. The lack of
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significance in land-use changes likely reflects the relatively small magnitude of the annual
changes that were observed in land use.
Additional diagnostic information is presented for the non-hierarchical Bayesian model (Table
4.2) that demonstrates the accuracy and uncertainties of the model (Fig. 4.4, Fig. B.4). The plot
of observed vs. predicted water volume and the corresponding residuals (Fig. B.4a,b) indicate
that the model fits more precisely in larger rivers and watersheds than in small watersheds,
where greater variability is observed in the model residuals. As described earlier for the
national model, these spatial patterns in the residuals are typical of those for many SPARROW
models and suggest that there is likely to be some under-estimation of the variance for smaller
watersheds, where the model predictions are less accurate, and over-estimation for the larger
watersheds. The plots of water yields (Fig. B.4c,d) give a more informative indication of the
model accuracy across the full range of watershed sizes, given that this removes confounding
scale-related effects associated with increasing drainage basin size and the accuracy that is
derived from the accumulation of water volume in the river network. Thus, a reduced level of
prediction accuracy is expected for water yield (R2 = 0.8387) as compared to that for water
volume (R2=0.9713).
(a)

(b)

Figure 4.4. Diagnostic plots for the calibration of the non-hierarchical (NH-CV) mean seasonal streamflow model
for the Susquehanna River Basin: (a) Boxplots of the observed to predicted total water volume ratios by station ID;
(b) Boxplots of the log residuals by season (1=winter, 2=spring, 3=summer, and 4=fall).
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Prediction accuracies of the non-hierarchical NH-CV model varies considerably across the 85
calibration sites, based on the observed to predicted water-volume ratios (Fig. 4.4a). The
model generally provides more accurate predictions during the higher flow seasons of winter,
spring, and fall as compared to the accuracy of predictions during the lower flow summer
season (Fig. 4.4b). An examination of the observed to predicted ratios during the higher flow
months reveals that the interquartile range of predictions fall with +/- 25% of the observed
values at most monitoring sites. By contrast, the levels of precision in the summer season are
about one-half of the levels estimated during the other three seasons, with the interquartile
ranges of the predictions for many monitoring sites falling outside of +/- 50% of the observed
values.
As an illustration of model performance, the model diagnostics for four monitoring sites (Fig.
B.5) display a range of levels of accuracy in the streamflow predictions from the generally
acceptable to the grossly mis-specified. Predictions for two of the rivers are reasonably well
balanced between over- and under-predictions with relatively high levels of accuracy. The
Juniata River is a mid-size watershed (2115 km2) where the model predictions are accurate to
+/- 15% over the 2001-2008 period. The West Branch of the Susquehanna River, a larger
watershed (14,700 km2) displays higher levels of accuracy to within +/- 10% for most
observations. By contrast, the other two river locations show evidence of model misspecification, with large prediction biases occurring for extended time periods when the model
tends to under-predict. The model predictions for the Conestoga River, a 1212 km 2 watershed,
show evidence of model mis-specification that leads to the under-prediction of streamflows by
as much as about 30%, especially for flows with low volumes. The model predictions for Spring
Creek, a small 227 km2 watershed, show similar under-predictions of as much 60% during low
to mid-range flows that occur over the latter half of the record, possibly caused by inflows from
natural springs or wastewater flows that are unaccounted for by the model structure.
The residuals of the SPARROW non-hierarchical NH-CV model were additionally examined for
serial correlation and spatial autocorrelation. The residuals show evidence of relatively low
levels of lag-one serial correlation for the 85 monitoring sites (Fig. B.6a), suggesting that for
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(a)

(b)

Figure 4.5. Measures of spatial correlation (Spearman Rho) between monitoring sites in the seasonal values of the
residuals from the non-hierarchical NH-CV Bayesian mean seasonal streamflow model for the Susquehanna River
Basin: (a) Correlation of seasonal residuals among hydrologically connected site pairs for 85 stations in relation to
river distance between sites; (b) Correlation of seasonal residuals for all site pairs in relation to the Euclidean
distance between the 85 stations. The plotted line is a Lowess smooth fit to the data.

most sites the model residuals are relatively independently distributed over time and are
generally consistent with the model assumptions. The median for the sites is about 0.10, with
an interquartile range spanning the interval of about 0.01 to 0.2. The station serial correlation
values are also not related to the drainage basin size of the stations (Fig. B.6b). Spatial
autocorrelation in the model residuals was evaluated by two methods: (1) Moran’s I was used
to test for autocorrelation over the entire Susquehanna Basin separately for each of the 32
seasons using Euclidean distance weights (Table B.1), and (2) plots were examined for all
possible paired-station correlations of the log residual values (Spearman’s Rho; n=32) as a
function of Euclidean distance as well as by stream channel distance among hydrologically
connected stations (Fig. 4.5). Both measures indicate evidence of a lack of spatial
independence in the model residuals based on an =0.10. Of the 85 stations, nearly one-half
are hydrologically nested and located downstream of other monitoring sites. For all but seven
of the 32 seasons, the Moran’s I test statistic is statistically significant for =0.10 (Table B.1).
The sign of the test statistic is positive in all of these cases indicating that there is statistically
significant spatial clustering of residuals with over- or under-predictions of a similar direction.
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The Spearman Rho correlations of the time series of residuals among sites show a reduction in
positive correlations with both Euclidean and hydrologic distances (Fig. 4.5). Among
hydrologically connected sites, the correlations are frequently positive and above 0.50 for sites
within about 200 kilometers. The magnitudes of the correlations among sites diminish with
distance, falling below 0.30 for most site pairings at distances greater than about 300
kilometers. The median correlation is about 0.28 with an interquartile range extending from
0.12 to 0.52. For correlations based on Euclidean distances, the preponderance of correlations
is greater than 0.50 for sites within about 100 kilometers and declines with increasing distance
(Fig. 4.5).
4.2 Hierarchical error variance Bayesian models
Results for the non-hierarchical Bayesian model with a scale-dependent model-error variance
component are reported in Table B.2 (NH-SV model for a specification of the error variance in
equation 2.17 without a regional index). This model has relevance to the hypothesis cited in
question #2 (d) in the introduction (section 1.1) related to expectations that scale-dependent
drainage area effects would be identified in the model error variance. The evaluated model
(NH-SV) has an error variance based on a piecewise exponential function of total drainage area
(which was found to perform the best for the national steady state model). The three
parameters of the piecewise exponential function were uniquely estimated and display
posterior parameter distributions that vary over a relatively narrow range. The estimated
breakpoint defining the drainage basin size that separates the two exponential functions occurs
at 1,590 km2, the 72th percentile drainage area size for the monitoring sites and 96 th percentile
for the NHD reaches in the Susquehanna Basin (Fig. B.7). For the large number of reaches and
monitoring stations with smaller drainages that are less than this size breakpoint, the RMSE
ranges from 0.29 to 0.65 with a median of 0.36 (interquartile range = 0.33 to 0.41). This
compares with the RMSE of the constant variance model (NH-CV; with error variance specified
by equation 2.8) of 0.34. For larger drainages that are greater than the size breakpoint, the
RMSE ranges from 0.04 to 0.28 with a median of 0.13 (interquartile range = 0.07 to 0.19).
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The model accuracy of the NH-SV model (NS efficiency = 0.9713; Table B.2) is virtually identical
to the constant-variance non-hierarchical Bayesian model (NH-CV; Table 4.2) with identical
percentiles for the station distribution of the ratio of the observed to predicted values (Table
4.3). The mean and standard deviation for the coefficient values are similar, showing less than a
7% difference, for the explanatory variables runoff, EVI, and urban land. Greater differences
are observed for the most statistically uncertain parameters, soil permeability and stream
water losses. The levels of statistical significance of the spatial autocorrelations for the NH-SV
and NH-CV models (Table B.1) show few differences in the p-values for the two models across
the 32 seasons from 2001 to 2008. In contrast to these results that show negligible differences
between the models, the WAIC accuracy metrics (Table 4.3) suggest that the scale-dependent
model is favored by a large margin; however, one limitation of this result is that the WAIC
assumption of independence in the model residuals is violated for many of the seasons (i.e., the
Moran’s I null hypothesis that the model residuals at the calibration sites are spatially
independent is rejected for =0.10 for nearly 80% of the 32 seasons).
The finding that there are generally few differences between the NH-CV and NH-SV models
differs with the previous findings for the national steady state streamflow model, for which
heteroscedasticity adjustments with regional specificity led to appreciable improvements in
accuracy. For the Susquehanna Basin, detectable improvements in model precision might be
feasible with more complex specifications for heteroscedasticity by allowing separate piecewise
exponential functions to be estimated for each of the 32 seasons. However, the process
uncertainties component of the state-space model has the capability to account for
heteroscedastic variability (see below). Moreover, the estimation of a complex collection of
heteroscedastic adjustment components has undesirable computational tradeoffs, given that a
more complex parameterization such as this would increase simulation execution times
considerably, preventing the exploration and execution of alternative time-space hierarchical
specifications for other model coefficients. Therefore, the scale-dependent error-variance
component was excluded from the subsequent hierarchical models.
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Table 4.3. Distributions of the ratios of the observed to predicted water volume for fixed-effects, non-hierarchical,
and hierarchical models of mean seasonal streamflow for the Susquehanna River Basin.
Model Description

Model

Percentiles
th

Fixed-effect NLLS

th

th

th

NS
th

th

th

WAIC

10

20

30

50

70

80

90

Eff.

FE

0.71

0.85

0.94

1.02

1.13

1.23

1.44

0.9714

na

NH-CV

0.71

0.85

0.94

1.02

1.13

1.23

1.44

0.9713

-903

NH-SV

0.71

0.85

0.94

1.02

1.13

1.23

1.44

0.9713

-334

H-4
H-8
H-32

0.73
0.72
0.78

0.85
0.84
0.87

0.93
0.92
0.93

1.01
1.01
1.01

1.10
1.11
1.08

1.20
1.22
1.15

1.41
1.42
1.31

0.9746
0.9758
0.9849

-782
-716
-110

HSSP-32

0.98

0.99

1.00

1.00

1.01

1.01

1.02

0.9998

3679

Non-Hierarchical (NH)
Constant variance
(continuous reaction rate)
Scale-dependent
variance
Hierarchical
Quarterly model
Annual model
Seasonal/annual model
Hierarchical State Space
Seasonal/annual model

4.3 Hierarchical Bayesian models
Three models with hierarchical coefficients are presented that have the identical levels of
spatial complexity but differ in their temporal complexity according to the levels of intra- and
inter-annual variation in the unit-runoff coefficient (the model specifications are described by
equation 2.23). These models are relevant to addressing hypotheses cited in question #2 (a, b)
in the introduction (section 1.1) related to the expected improved prediction accuracy of
hierarchical model specifications and evidence of regional and seasonal variability in the
hierarchical model coefficients. Spatial complexity is attained in these models by specifying
hierarchical land-to-water delivery coefficients that vary spatially according to the HUC-8
hydrologic unit classification for which there are 19 sub-watersheds in the SRB. Because of the
small magnitude and high uncertainty of the stream water loss coefficient, water loss in
streams is excluded from the models to enhance the execution time required to achieve model
convergence. The first hierarchical model (Table B.4; H-4) quantifies intra-annual variation in
the unit-runoff response according to four estimated seasonal runoff coefficients. The second
model (Table B.5; H-8) quantifies inter-annual variations in the unit-runoff response, based on
eight estimated annual runoff coefficients corresponding to the years from 2001 to 2008. The
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final model (Table 4.4; H-32) provides the most detailed description of temporal variation in
runoff by quantifying both intra- and inter-annual variations in the unit-runoff response, based
on thirty-two seasonal runoff coefficients. The first model provides the most general timebased specification—one that is potentially suitable for extrapolation to quarterly seasonal
periods in future years. In contrast, the inter-annual variations in runoff as described by the H8 and H-32 models have primary utility for the interpolation of streamflow conditions and
improved process understanding during the 2001-2008 period, but may have less utility for
direct extrapolation to years outside of this period.
Table 4.4. Results for the hierarchical Bayesian H-32 model of mean seasonal streamflow for the Susquehanna
River Basin.
Parameter

MEAN

Standard
Deviation

Percentiles
th

th

th

25

50

75

Source
Runoff (mean)

1.1189

0.0669

1.0732

1.1137

1.1634

Runoff (standard deviation)

0.4015

0.0615

0.3573

0.3959

0.4409

-2.6365

0.3234

-2.4526

-2.6015

-2.8068

Urban land

0.2760

0.2090

0.1250

0.2196

0.3846

Soil permeability

0.0366

0.0268

0.0160

0.0318

0.0516

EVI (Enhanced Veg. Index)

0.6725

0.1801

0.5336

0.6387

0.7746

Urban land

1.3629

0.3253

1.1368

1.351

1.615

Soil permeability

0.1105

0.0295

0.088

0.1091

0.1273

0.2469

0.0036

0.2445

0.2469

0.2496

Land-water delivery (mean)
EVI (Enhanced Veg. Index)

Land-water delivery (standard
deviation)

RMSE
N observations
NS Efficiency
WAIC

2720
0.9849
-110

Comparing the performance of the three models indicates that the overall prediction accuracy
is consistent across three metrics (WAIC, Table 4.3; NS Efficiencies, and RMSE) and increases in
order from the least to most accurate according to: H-4 < H-8 < H-32. The NS efficiencies of
the three models range from 0.9746 to 0.9849, respectively. In comparison to the RMSE of the
non-hierarchical model, the RMSE of the H-4 model (0.3189) is 5% lower, whereas the RMSE of
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the H-8 model (0.3113) is 8% lower; model H-32 with the most complex hierarchical structure
for runoff has a RMSE of 0.2469, reflecting a 27% reduction from that of the non-hierarchical
model.
The addition of a spatial hierarchical structure to the land-to-water delivery coefficients
contributes to improved prediction accuracy in many of the HUC-8 regions of the Basin. For
example, comparisons of the boxplots of observed to predicted water volume ratios for the
HUC-8 watersheds in Fig. 4.6a with those in Fig. 4.3a indicates that the H-32 hierarchical model
displays appreciably improved prediction accuracy compared to that of the non-hierarchical
NH-CV model. There is an improved balance in the over- and under-predictions (median ratios
closer to one) across the SRB, with notably fewer instances of under-predictions as was
evidenced for the non-hierarchical model; there are also higher levels of precision (narrower
interquartile ranges) evident for the H-32 model predictions. Similar improvements in
prediction accuracy are also observed for the H-4 and H-8 hierarchical models (see Fig. B.8a,b).
For some of the 19 HUC-8 regions, there are relatively few monitoring stations; for example, 3
regions have one or two stations and 5 regions have three stations (the other regions have 4 to
10 stations). In HUC-8 watersheds with only a few stations, there is generally less specific
hierarchical information provided about the land-to-water delivery factors in those watersheds,
with the coefficient values likely to be more strongly determined by the Basin-wide mean for
the prior distributions for the land-to-water parameters.
All of the hierarchical models tend to under-predict in the upper (HUC-4 20501) and middle
(HUC-4 20502) regions of the Susquehanna River Basin, with somewhat more balanced overand under-predictions in the lower (HUC-4 20503) region of the Basin (Fig. B.8; Fig. 4.6a).
Among the hierarchical models, there’s also a distinct improvement in the precision of the
predictions of the more complex H-32 model, as reflected by a reduction in the magnitudes of
the interquartile range of the ratios of the observed to predicted streamflows (comparison of
Fig. B.8 and Fig. 4.6a), especially in many of the upper- (HUC-4 20501) and mid-region
watersheds (HUC-4 20502). The RMSE ratio (Fig. 4.7a) provides a direct comparison of the
performance of the H-32 model with that of the non-hierarchical NH-CV model. This shows
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appreciably improved prediction accuracy for the H-32 model of from 10% to 30% (median over
time) in the upper- and mid-region watersheds as compared to the performance of the nonhierarchical model.
(a)

(b)

Figure 4.6. Diagnostic plots for the hierarchical H-32 Bayesian model of mean seasonal streamflow for the
Susquehanna River Basin: (a) Boxplots of ratio of the observed to predicted water volume by HUC-8 regions; (b)
Boxplots of ratio of the observed to predicted water volume by season, 2001-2008.

In comparison to the accuracy of the non-hierarchical model (Fig. 4.3b), the temporal accuracy
of the hierarchical H-4 model is only modestly improved (Fig. B.8c,) but appreciably improved
by the greater temporal complexity of the H-32 models (Fig. 4.6b). For the H-4 model, both the
bias and precision of the hierarchical model predictions are enhanced by adding a quarterly
seasonal level for the runoff coefficient. For example, many more of the median values and
interquartile ranges for the ratio of the observed to predicted values fall within +/-10% (Fig.
B.8c) than was observed for the non-hierarchical model. For the H-32 model, notable
additional improvements are observed in accuracy as the predictions are observed to lie within
+/-10% for most of the seasons during the eight-year period (Fig. 4.6b). Although the general
range of the prediction accuracy of the H-32 model is generally similar across both space (Fig.
4.6a) and time (Fig. 4.6b), based on the interquartile range of the observed to predicted ratios,
the predictions display generally less median bias over time than space. The RMSE ratio (Fig.
4.7b) directly compares the performance of the H-32 model with that of the non-hierarchical
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model across the 32 seasons. This shows appreciably improved prediction accuracy (ratios < 1)
for the H-32 model of from 10% to more than 50% (median over space) as compared to the
performance of the non-hierarchical model.
(a)

(b)

Figure 4.7. RMSE ratio plots for the hierarchical H-32 Bayesian model of seasonal streamflow for the Susquehanna
River Basin. Ratios of the H-32 model RMSEs to the non-hierarchical NH-CV model RMSEs, based on differences in
the observed to predicted water volume ratios from one: (a) by station; (b) by season, 2001-2008. Stations are
plotted in hydrological order (HUC4-20501: sites 1-28; HUC4-20502: sites 29-56; HUC4-20503: sites 57-85).
Improved performance by the hierarchical H-32 model is indicated by RMSE ratios below one.

Only modest differences are evident in the temporal accuracy of the intra-annual (H-4) and
inter-annual (H-8) runoff models (Fig. B.8c,d), although the intra-annual model H-4 tends to
provide more accurate predictions for a larger percentage of the seasons across all 32 seasons.
For example, 78% of the interquartile ranges of the ratios of observed to predicted streamflows
are inclusive of a value of one for the H-4 model as compared to 66% for the H-8 model. These
percentages are similar to slightly larger than those for the non-hierarchical model, for which
66% of the seasons have interquartile ranges that include a value of one.
In comparison to the H-4 model, the higher accuracy of the H-32 model is also apparent across
the 85 calibration sites for the dryer, low flow summer season (Fig. B.9a vs. B.9c). The ratios of
the observed to predicted streamflows indicate that there is much less bias and improved
precision (with interquartile ranges +/- 25%) during the summer season for the H-32 model at
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many sites in the upper, middle and lower regions of the basin as compared with that reported
for the H-4 model. Some more modest improvements are also apparent for the higher flow
seasons (winter, spring, fall) for the H-32 model (Fig. B.9d).
The spatial and temporal estimates of the mean values and variance (standard deviation and
credible intervals) of the model coefficients is reported for the three hierarchical models (Fig.
4.8; Figs. B.10, B.11). The temporally varying runoff coefficients show the largest differences
among the three hierarchical models with fewer differences observed for the spatially varying
land-to-water delivery coefficients. Temporal variability is the largest for the H-32 model, with
a RSD metric of 6.73, whereas the inter-annual (H-8) and intra-annual (H-4) models display RSD
values of 5.04 and 3.99, respectively. Temporal variations in the runoff coefficient behave as
expected to address under- and over-predictions by the overall Basin mean—i.e., positive
deviations from the overall Basin mean occur during seasons (winter, spring) and years (2003,
2006) with higher flows and negative deviations occur during seasons (summer, fall) and years
(2002, 2005, 2008) with lower flows. For the H-32 model (Fig. 4.8a), marked departures from
the overall Basin mean occur in the runoff coefficient during individual seasons and years, with
some evidence of a bimodal distribution in the magnitudes of the departures. For example,
approximately two-thirds of the runoff coefficients are less than the Basin mean and tend to fall
approximately between 0.9 and 1.0. For the remaining one-third, about one-half (six seasonal
quarters) fall in the vicinity of about 1.5.
A re-aggregation of the 32 H-32 unit-runoff coefficients by season (quarters) and year (Fig. 4.9)
provides a more integrated summary of the temporal distribution of the runoff coefficients and
one that is comparable to the H-4 and H-8 models. These results suggest that the most variable
range of runoff coefficients is observed for the two seasons with the most widely varying water
supply and demand conditions—spring and summer. Summer actually displays the widest
range of variability in the runoff coefficients; although more than one-half of the summer
coefficients are less than the Basin mean of 1.12, the interquartile range extends well above
and below the Basin mean, ranging from 0.97 to 1.7 (min.=0.47; max.=2.28). The highest
summer runoff coefficients occur also during three of the highest rainfall and runoff years

155

(2003, 2004, 2006). The large range of the summer runoff coefficients is consistent with months
during which the largest variability occurs in the ratio of runoff to precipitation throughout the
Basin at gaged locations. During this period, the co-occurrence of high precipitation and water
demand from transpiration contributes to a highly variable runoff response to rainfall.
(a)

(b)

(c)

(d)

Figure 4.8. Seasonal and regional variability in coefficients of the hierarchical H-32 Bayesian mean seasonal
streamflow model for the Susquehanna River Basin: (a) runoff; (b) adjusted EVI; (c) urban land; (d) soil
permeability. The mean values are shown as points and credible intervals give for the standard deviation (red) and
95% credible interval (blue); the black horizontal line shows the Basin mean value and the red horizontal line
denotes zero.
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(a)

(b)

Figure 4.9. Boxplots of the seasonal and annual distributions of the unit-area runoff coefficient values for the
hierarchical H-32 Bayesian mean seasonal streamflow models for the Susquehanna River Basin: (a) by season; (b)
by year. The overall Basin mean runoff value is shown by the red horizontal line.

By contrast, generally low variability is observed in the H-32 runoff coefficients during the
winter and fall seasons (Fig. 4.9a), when the vast majority of coefficients are observed to be less
than the Basin mean. The lower values of the runoff coefficients for the winter season differ
from the generally higher runoff coefficients (above the Basin mean) that are observed for the
H-4 model. For the spring season, the runoff coefficients are typically above the Basin mean,
consistent with the pattern observed for the H-4 model. In comparison with the H-8 model, the
annual runoff coefficients of the H-32 model are generally consistent for the annual deviations
in the coefficients from the Basin mean for all years; however, some modest differences are
apparent for years 2001 and 2007, which include distributions of the runoff coefficients that
overlap with the population of values associated with the Basin mean.
For the land-to-water delivery variables, the spatial patterns and the magnitude of spatial
variability in the model coefficients is generally similar among the three hierarchical models.
One notable difference is the substantially increased size of the EVI coefficients (i.e., water
removal from the Basin via transpiration) for the H-32 model. The Basin mean is -2.6 as
compared with a value of -0.7 for the H-4 model and a value of -1.1 for the H-8 model. The EVI
coefficients also tend to show slightly greater spatial variability than is apparent for either the
urban land area or soil permeability coefficients; this pattern is consistent across the three
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hierarchical models. The spatial patterns in EVI, based on the H-32 model (Fig. 4.8b), indicate
that in about one-half of the 19 HUC-8 watersheds the standard deviations of the mean
coefficients are overlapping or relatively close to the standard deviation of the overall Basin
mean. Larger rates of EVI-related water removal occur in four of the HUC-8 watersheds,
located in the upper portions of the Susquehanna Basin, whereas lower rates of EVI-related
water loss occur in five of the watersheds in the lower portions of the Basin. The largest
deviations from the Basin mean in the urban land coefficients occur in two geographic areas:
negative coefficients (indicating water attenuation) are observed for three HUC-8 watersheds in
the upper portion of the Basin, and positive coefficients (indicating enhanced water delivery) in
three HUC-8 watersheds in the lower portion of the Basin. For soil permeability, the spatial
patterns of deviation from the Basin mean are more diverse: negative coefficients (associated
with water attenuation) are estimated for four HUC-8 watersheds in the central Basin, whereas
positive coefficients (enhanced water delivery) are observed for five watersheds in the upper
portion of the Basin and several watersheds in the lower Basin.
Similar to that observed for the non-hierarchical NH-CV model, the residuals of the hierarchical
H-32 model show evidence of relatively low levels of lag-one serial correlation for the 85
monitoring sites (Fig. B.12a), suggesting that for most sites the model residuals are relatively
independently distributed over time. The median and lower bound on the interquartile range
for the sites is slightly smaller than those observed for the non-hierarchical model—i.e., the
median is less than 0.10 with an interquartile range spanning the interval of about -0.02 to 0.2.
There’s also no evidence of a relation between the magnitude of the serial correlation and
drainage basin size (Fig. B.12b).
The addition of hierarchical coefficients led to somewhat mixed conclusions about their effects
on spatial autocorrelation in the model residuals as compared to the results for the nonhierarchical NH-CV model. The Moran’s I test of spatial autocorrelation indicated slightly
greater evidence of spatial autocorrelation: the null hypothesis was rejected for all but four
seasons for =0.10 (Table B.1) as compared to seven seasons for the NH-CV model. The sign of
the test statistic is positive in all of these cases indicating that there is statistically significant
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spatial clustering of residuals with over- or under-predictions of a similar direction. By contrast,
the site-pair correlations based on Euclidian and hydrological distances are much smaller for
the H-32 model (Fig. B.13): the median correlation for hydrologic distance is about 0.05
(interquartile range -0.10 to 0.26; Fig. B.13b) as compared with a median of 0.27 (interquartile
range 0.12 to 0.5) for the non-hierarchical NH-CV model. In addition, the rate of the decline in
positive site-pair correlations with distance is somewhat more rapid for the hierarchical model
than that observed for the non-hierarchical model. Based on Euclidean distance, the
magnitudes of the correlations among sites diminish rapidly with distance such that the
correlations are nearly equally distributed between -0.5 and 0.5 for most site pairings at
distances greater than about 100 kilometers (Fig. B.13c,d).
4.4 Hierarchical state-space Bayesian models
Results of a state-space version of the H-32 model are reported in this section (i.e., for model
HSSP-32 with the specifications described by equations 2.37-2.40). The HSSP-32 model uses
the same temporal hierarchical specification of the unit-runoff source (seasonal) and the spatial
hierarchical specification of the land-to-water delivery factors (HUC-8). Additional evaluations
were made of a state-space version of the H-4 model but the results are not reported here. The
measurement errors and process uncertainties are estimated for the smallest units of
observation in the state-space model—i.e., the incremental drainage areas between monitoring
sites and the individual seasons within each year, respectively. Tabular results for the posterior
distributions for the model coefficients and uncertainties are provided in Table 4.5, with
diagnostic results that include measurement uncertainties in the response variable given in
Appendix B (Figs. B13-B16).
Results for the state-space HSSP-32 model are relevant to question #3 and the associated
hypotheses (a,c,d) given in section 1.1. First, it’s hypothesized that the estimated processrelated uncertainties will be found to be larger than the estimated measurement errors.
Second, it’s hypothesized that the process uncertainties of the state-space model are expected
to be similar to the uncertainties of the non-state-space model. Finally, it’s hypothesized that
that the use of the state-space techniques will yield valid information about the process-related
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uncertainties of the model and the measurement errors of the streamflow observations, such
that the updated streamflow predictions that include process-related uncertainties will provide
more accurate estimates of the latent “true” streamflow at a set of validation sites than
predictions based on a non-state-space model (H-32). For purposes of the validation
comparisons, the 85 monitoring sites were randomly divided into a set of 42 calibration and 43
validation sites.
Based on the Bayesian posterior simulations, the estimated standard deviation (RMSE) of the
process uncertainties is 34% (Table 4.5; RMSE defined by

in equation 2.40); this is 35% higher

than the model error standard deviation (RMSE) reported for the hierarchical non-state-space
H-32 model (Table 4.4). By comparison, the estimated RMSE of the measurement error of the
state-space model is 5.7% (Table 4.5); this is slightly less than the median observed for eastern
regions in the national steady state model of mean annual streamflow. The relatively small
model residuals (measurement errors) are apparent in the diagnostic results for the model (Fig.
B.14), including plots of observed vs. predicted water volume and yield and residual plots for
volume and yield—the residuals are typically less than 10% of the magnitude of the residuals
observed for the non-state space model. Diagnostic plots of the residuals (measurement
errors) over space and time (Fig. B.15) confirm that the magnitudes of the measurement errors
are quite small and randomly distributed with negligible systematic patterns across time and
space.
The model residuals (i.e., measurement errors defined as

in equation 2.40) associated

with the state-space model display evidence of reduced levels of serial correlation (Fig. B.16a)
and spatial autocorrelation (Table B.1) across most seasons over the 2001-2008 period.
Because of the structure of the state-space model, the temporal and spatial correlation
features that were previously observed in the residuals of the non-state-space H-32 model are
now accounted for in the process uncertainty component of the state-space model (see below).
For the 85 monitoring sites, the distribution of the lag-one serial correlations in the station
measurement errors shows a median Pearson-r correlation of about 0.09 with an interquartile
range from -0.05 to 0.22. There’s also appreciably less evidence of spatial autocorrelation in
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the measurement errors among sites as indicated by statistically insignificant Moran’s I test
statistics (weighted by Euclidean distance) for most of the seasons (Table B.1, Fig. B.16b).
Further evidence of the reduced spatial autocorrelation in the station measurement errors is
observed in the set of Spearman’s Rho correlation measures among all possible site pairs of
model residuals—these display virtually no correlation with Euclidian or hydrologic distance
(Fig. B.17a,c), with most correlations falling between -0.2 and +0.2 (Fig. B.17b,d) and the overall
distribution of Spearman correlations centered around zero (Fig. B.17b,d); this contrast strongly
with the pattern of declining correlation magnitudes with increasing distance that was evident
in the residuals of the non-hierarchical model (Fig. 4.5) and the non-state-space hierarchical
model Fig. B.13).
Table 4.5. Results for the hierarchical state-space Bayesian model (HSSP-32) of mean seasonal streamflow for the
Susquehanna River Basin.
Parameter

MEAN

Standard
Deviation

Percentiles
25th

50th

75th

Source
Runoff (mean)

1.1196

0.0598

1.0731

1.1212

1.1548

Runoff (standard deviation)

0.3493

0.0545

0.3117

0.3444

0.3840

-2.1333

0.2828

-1.9480

-2.1285

-2.3284

Urban land

0.3716

0.3356

0.0776

0.2911

0.5790

Soil permeability

0.0247

0.0178

0.0106

0.0195

0.0358

EVI (Enhanced Veg. Index)

0.6019

0.2164

0.4406

0.5365

0.7209

Urban land

1.4247

0.2928

1.1936

1.4014

1.665

Soil permeability

Land-water delivery (mean)
EVI (Enhanced Veg. Index)

Land-water delivery (standard
deviation)

0.0814

0.0312

0.0609

0.0755

0.0948

Measurement error (RMSE)

0.0572

0.0024

0.0558

0.0574

0.0589

Process uncertainties (RMSE)

0.3440

0.0051

0.3404

0.3444

0.3475

N observations
NS Efficiency
WAIC

2720
0.9998
3679

The estimates of the standard deviation (RMSE) of the process uncertainties ( in equation
2.39) from the state-space model are, on average, about 5% of the seasonal incremental reach
streamflows. The interquartile range in the exponentiated process uncertainties (
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in equation 2.39) varies from -15% to +15% across seasons and incremental drainages of the
monitoring sites. The process uncertainties display modest differences over time by season and
year. The most notable pattern is the wider range of process uncertainties during the summer
season (Fig. 4.10c), reflecting the larger variability in model prediction errors that occur during
the more dry periods of the year. Selected years such as 2001, 2002, and 2007 also display
larger variability in the process uncertainties (Fig. B.18a) that is associated with extreme wet or
dry seasons during these years. There’s also visible spatial clustering of the process
uncertainties among proximate stations with values that are predominantly above or below
one (Fig. 4.10a; note that the stations are arranged in hydrologic order in the plot). These
indicate cases where the true incremental water volumes tend to be higher (above one) or
lower (below one) than predicted by the non-state-space hierarchical H-32 model. For
example, many stations in the Middle Basin (sites 29-56; HUC-4 20502) display median process
uncertainties that are more frequently above one during the 2001-2008 period (Fig. 4.10a,b),
indicating that the true incremental water volumes are estimated to be higher than predicted
by the H-32 model.
The clustering of nearby stations with similar process uncertainties (Fig. 4.10a) is consistent
with the presence of a spatial autocorrelation structure in the process uncertainties. Evidence
of spatial autocorrelation is confirmed by the Spearman’s Rho correlations between stationpairs of the mean seasonal values of the process uncertainties —on average, these decline
rapidly with increasing Euclidian and hydrologic distance (Fig. 4.11a,b). The Spearman’s Rho
correlations decline from an average of about 0.40 at the minimum hydrological distances
separating station-pairs (<25 km.) to nearly zero at about 200 kilometers (Fig. 4.11a). Over
distances of less than 100 kilometers, the levels of spatial correlation vary widely, but as many
as one half of the site-pairs display correlations that tend to lie between 0.25 and 0.90. This
general pattern of declining positive spatial autocorrelation with distance (Fig. B.13) was
previously observed in the model residuals for the non-state-space hierarchical H-32 model. In
addition, there’s evidence of modest levels of serial correlation in the process uncertainties at
individual stations, based on the lag-one serial correlation in the mean seasonal process
uncertainties (B.18b; station correlation distribution: median=0.05; interquartile range = -0.07
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to 0.17). Similar percentiles were observed for the distributions of lag-one serial correlations in
the station residuals from the hierarchical non-state-space H-32 model (median=0.08; IQR = 0.03 to 0.23); these are also highly correlated (Pearson r=0.83) with the station lag-one serial
correlations in the state-space process uncertainties (Fig. 4.11c). In sum, evidence of spatial
autocorrelation and serial correlation in the process uncertainties demonstrates the sensitivity
(a)

(b)

(c)

(d)

Figure 4.10. Process uncertainties for the hierarchical state-space Bayesian model of mean seasonal streamflow
for the Susquehanna River Basin for the 85 calibration stations: (a) by calibration monitoring station; (b) by HUC-8
watershed; (c) by quarterly season; and (d) by seasons over the 2001-2008 period.
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of the state-space model to systematic spatial and temporal covariance patterns in the
uncertainties that are associated with the predictions of runoff for the incremental station
drainages.

(a)

(b)

(c)

Figure 4.11. Process uncertainties for the hierarchical state-space Bayesian model of mean seasonal streamflow
for the Susquehanna River Basin for the 85 calibration stations: (a) Spearman Rho site-pair correlation for process
uncertainties in relation to hydrologic distance; (b) Spearman Rho site-pair correlation for process uncertainties in
relation to Euclidean distance; (c) Plot of lag-one correlations for the process uncertainties and non-state space
hierarchical model residuals (Pearson correlation=0.83). A Lowess smooth fit is shown in (a) and (b).
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Consistent with the findings for the national streamflow model, the SRB state-space structure
displays somewhat less variability in the coefficients between spatial groups (HUC-8
watersheds), but leaves the spatial (and temporal) patterns generally unaltered. Less spatial
variability was observed in the land-to-water delivery model coefficients and less temporal
variability in the runoff coefficients (Fig. B.19) as compared to the patterns in the coefficients of
the non-state space H-32 model (Fig. 4.8). Three of the state-space model parameters —runoff,
EVI, and soil permeability—display less between-group variability as indicated by RSD values
that are 20%, 25%, and 35% smaller, respectively, than observed for these parameters in the
non-state space model. By contrast, the coefficients for urban land area for the state-space
model show slightly larger differences among the HUC-8 watersheds, with a 12% larger RSD
value compared with that for the non-state space model; however, despite larger betweengroup differences, the spatial patterns in the urban land coefficients are similar for both
models.
Additional comparisons of the results for the state-space and the non-state-space models
indicates that the mean coefficients for the posterior parameter distributions are unchanged
for unit-runoff, whereas the state-space mean coefficients are about 20-30% smaller for EVI
and soil permeability and 65% larger for urban land. There’s also evidence of increased
precision in the mean coefficients (Tables 4.4, 4.5) for the state-space model. Three of the four
mean parameter values show smaller standard errors, including those for runoff, EVI, and soil
permeability. The increase in precision is 11% for runoff, 13% for EVI, and 34% for soil
permeability.
A comparison of validation results for the hierarchical streamflow models with (HSSP-32) and
without (H-32) the state-space error structure was used to assess the accuracy of using the
process uncertainties from the state-space model to update the streamflow predictions for
nearby watersheds. It was hypothesized that the state-space model predictions would show
improved accuracy at the validation sites. This can inform decisions about the reliability of the
updated seasonal streamflow predictions over broader areas of the Susquehanna for the 20012008 period. For these evaluations, the set of 85 monitoring sites were randomly divided into a
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set of 42 calibration and 43 validation sites. The performance comparisons were based on the
application of the non-state-space H-32 and state-space HSSP-32 models to the 43 validation
sites, based on a calibration of both the hierarchical H-32 and state-space models to the 42
monitoring sites.
The results indicated distinct improvements in prediction accuracy for the state-space model at
the validation sites. Comparison of the observed to predicted ratios for the two models
indicates a narrowing of the distribution of ratios for the state-space model (H-32:
median=1.014, interquartile range=0.89 to 1.14; state-space: median=1.018, interquartile
range=0.93 to 1.11). These improvements are visible as large reductions in prediction bias and
increased precision across many of the 32 seasons (Fig. B.20a,b) and for many of the validation
monitoring sites, especially in the upper and middle regions of the Susquehanna Basin (Fig.
B.20c,d). These patterns are more clearly seen in the RMSE ratio metrics (Fig. 4.12), which
directly compare the prediction accuracy of the state-space model (observed to predicted
ratios) to that of the non-state space model. The RMSE ratios for the “seasons” boxplot in Fig.
4.12a (n=32) compare the performance of the two models across the 43 validation sites for
each of the 32 seasons (Fig. B.20a,b). This indicates that the improvements in prediction
accuracy of the state-space model among the 32 seasons typically range from about 3% to 20%
(interquartile range). By contrast, the RMSE ratios for the “stations” boxplot in Fig. 4.12a
(n=43) compare the performance of the models over time (across 32 seasons) for each of the
43 validation sites (Fig. B.20c,d). This indicates that the state-space model shows improved
prediction accuracy at a majority (nearly 75%) of the validation sites, with prediction accuracies
of state-space model exceeding those of the non-state space model by more than 10% at 50%
of the sites and by more than 40% at 25% of the sites.
The improved performance of the state-space model at the 43 validation sites differs notably
among seasons and among the major regional watersheds of the Susquehanna River Basin.
The summer season shows the highest average level of improved performance (24%; RMSE
ratio=0.76) by the state-space model, whereas the spring season shows the least improvement
(4%; RMSE ratio=0.96). Both winter and fall seasons show improvements that lie between
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(a)

(c)

(b)

(d)

Figure 4.12. RMSE ratios for the state-space (HSSP-32) and non-state-space (H-32) hierarchical Bayesian mean
streamflow models for the 43 validation sites in the Susquehanna River Basin: (a) Boxplots of the RMSE ratios by
season and station; (b) RMSE ratios mapped for validation sites; (c) Boxplots of the RMSE ratios by season and
HUC-6 watersheds (Upper=20501; Middle=20502; Lower=20503); (d) Median Spearman Rho correlations of
process uncertainties for hydrologically connected paired-sites within 100 kilometers among the 85 calibration
stations by season. Improved performance by the more complex state-space model is indicated by RMSE ratios
below one.

those of the other seasons (16%; RMSE ratio=0.84). Mapping of the RMSE ratios (Fig. 4.12b)
indicates that degraded performance of the state-space model (RMSE ratios > 1) tend to occur
more frequently in portions of the West Branch of the Susquehanna and certain watersheds in
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the Lower Susquehanna Basin. Improvements in model performance (RMSE ratios < 1) occur
throughout the Upper and Middle portions of the SRB and in the Juniata watershed in the
Lower SRB. In addition, improved performance is consistently observed for a majority of the
validation sites in each of the four seasons in the Upper and Middle watersheds of the SRB (Fig.
4.12c), although seasonal differences are apparent in the performance. For the summer
period, there’s evidence of improved accuracy of the state-space model in all three major SRB
watersheds for a majority of the validation sites. By contrast, the spring season displays
somewhat poorer performance in the three major SRB watersheds.
Spatial and temporal patterns in the in the varying levels of accuracy of the process
uncertainties and performance of the state-space model are likely to be explained by a complex
set of factors, although some general features emerge from the results. First, the distancerelated pattern of spatial covariance in the process uncertainties among paired sites, which
declines with hydrologic and Euclidean distance (Fig. 4.11a,b), is a prominent systematic feature
that likely explains the accuracy of the state-space predictions over broad geographical areas.
The paired-site correlations among hydrologically connected stations within 100 kilometers also
display modest seasonal differences (Fig. 4.12d) that are somewhat consistent with the
seasonal differences in the accuracy of the state-space model at validation sites (Fig. 4.12c).
For example, spatial correlations in the paired-site process uncertainties are among the lowest
during the spring season (similar seasonal correlation patterns are evident for paired sites
based on Euclidean distance). Modest levels of serial correlation in the process uncertainties
over time (Fig. 4.11c) are also likely to improve the accuracy of the predictions. These patterns
of spatial and temporal covariance in the process uncertainties suggest that the latent
processes that explain the improved performance are not entirely unique to the incremental
drainages of the calibration sites as was observed for the national streamflow model. Instead,
the patterns are indicative of more widespread small-scale effects of latent processes on water
generation and delivery to streams. These systematic properties of the process uncertainties
allow for a more reliable use of the updated streamflow predictions from the state-space model
over space and time throughout the SRB.
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Second, seasonal differences in the prediction accuracy of the state-space model (Fig. 4.12c),
coupled with the observance of seasonal differences in small-scale spatial correlations in the
process uncertainties (Fig. 4.12d), may be indicative of the spatially-variable effects of
seasonally important climatic and hydrological controls on water cycling. For example,
evidence of higher levels of prediction accuracy during the summer season in all three major
SRB watersheds may be indicative of variability in the process uncertainties that are associated
with groundwater inflows and transpiration losses, two dominant and pervasive process
controls on the summer water balance. Process uncertainties during the fall and winter may be
related to variations in streamflow responses that are controlled by widespread and persistent
storms during months when soil moisture storage is at or near capacity and may reflect the
importance of ground water as a dominant contributor to total stream volumes during these
seasons (Fig. B.1). This may be related to the geographic uniformities that are also visible in the
stream water volumes at monitoring sites in the fall and winter, which show the highest and
most persistent spatial correlations across broad distances in comparison to those during the
summer and spring seasons. By contrast to other seasons, the spring season shows a more
heterogeneous water-volume response, with less persistent paired-site correlations in water
volumes over distance. This is consistent with patterns in the paired-site spatial correlations in
the process uncertainties during the spring, which are somewhat lower over distances of less
than 100 kilometers than observed for other seasons (Fig. 4.12d). The less accurate state-space
predictions in the spring season occur during months (April to June) when streamflow
responses may be influenced by a greater diversity of processes, including episodic storms that
display varied spatial patterns, snow melt events, and periods when increases in
evapotranspiration are beginning to reduce soil and sub-surface water storage (Fig. B.1).
Finally, the less accurate streamflow predictions in watersheds of the Lower SRB may be
potentially explained by a couple of factors. First, they may reflect trans-watershed
contributions of ground water, including regional ground water contributions that are not
accounted for by the model structure. Second, these inaccuracies in extrapolating the process
uncertainties may be related to the larger watersheds of the Lower Basin validation stations,
which generally exceed the size of the watersheds for many of the validation stations in the
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Upper and Middle Basins (Fig. B.21). For example, the validation stations in the Lower Basin,
where prediction accuracy is lower (RMSE ratios > 1), include a disproportionate number of
mainstem stations (4 sites > 47,000 km2) and large tributary stations. The median drainage
area for the validation sites is also 3x larger than that for the calibration sites in the Lower
Basin. Thus, larger prediction errors may result from an unreliable extrapolation of the process
uncertainties over these larger areas and to large mainstem stations, where the relatively small
updated incremental water volumes may have negligible effects on the total volume
predictions. This pattern may provide additional evidence of the scale-dependence of the
process uncertainties. This suggests the potential need for some accounting of process-related
variations that may result from large-scale interactions of process uncertainties during the
accumulation and net loss of water mass during downstream transport. This source of process
variability is not accounted for by the current state-space specification, which only associates
process uncertainties with the incremental drainage areas.
4.5 Predictions and uncertainties for the hierarchical Bayesian model
Predictions of mean annual streamflow are generated from the hierarchical state-space model
for 29,760 stream reaches in the Susquehanna River Basin (Fig. 4.13). This includes predictions
of total stream water yield for the total drainage area above each reach (Fig. 4.13a) and stream
water yield for the incremental drainage area of each reach (Fig. 4.13b). The total and
incremental stream water yields display generally similar spatial patterns; any modest
differences in the patterns appear for larger streams, where the mixing of different upstream
water volumes can alter the resulting total water yields in larger drainage areas and contribute
to less variability in streamflow over time. These differences are not influenced by net water
losses from evaporation and recharge, which are negligible and were not included as
explanatory variables in the state-space model. The spatial patterns of water yield indicate that
relatively lower yields are found in the Juniata and Chemung watersheds, which are located in
the southwestern and northwestern portions of the SRB, respectively. Lower water yields are
also predicted in the central portions of the SRB. These patterns are generally consistent with
the relatively lower precipitation yields observed in these areas of the SRB.
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(a)

(b)

Figure 4.13. Mean seasonal streamflow predictions for stream reaches of the Susquehanna River Basin from the
hierarchical state-space Bayesian model: (a) Streamflow total yield for the total reach drainage area; (b)
Streamflow yield for the incremental reach drainage area

The uncertainties in the mean seasonal predictions of the streamflow for SRB reaches are based
on the state-space Bayesian model and are illustrated for the 68% credible interval—i.e., the
probability that the true mean lies within one standard deviation, expressed as the standard
deviation of the variability in the seasonal mean normalized for the mean (Fig. 4.14). The
uncertainties typically vary between 0.05 and 0.25 (interquartile range) across reaches of the
Susquehanna (Fig. 4.14a). The largest uncertainties are predicted to occur in watersheds in the
upper portion of the Susquehanna Basin (Fig. 4.14a) and in the smallest sized watersheds (Fig.
4.14b). Uncertainties in the predicted seasonal streamflow are considerably lower, ratio
standard deviation to mean < 0.05, in watersheds larger than 10,000 km2 (Fig. 4.14b).
Estimates of water and precipitation yield for the incremental reach catchments provide
information about how the SPARROW yields compare to precipitation inputs and the water
balance inputs of runoff for the incremental watersheds. The precipitation inputs are from the
PRISM estimates, whereas the water balance runoff inputs are based on the seasonal
aggregations of the monthly Thornthwaite runoff estimates. The SPARROW yields reflect the
empirical adjustment of the Thornthwaite runoff inputs to SPARROW, based on updated
predictions from the state-space model, including runoff and land-to-water delivery coefficients
and process uncertainties associated with the incremental water volumes. The SPARROW
yields (Fig. B21a) display a generally similar spatial pattern as that for the precipitation yields
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(Fig. B.22b) when examined for the HUC-8 watersheds. Based on the ratio of the SPARROW
water yields to the precipitation yields (Fig. B.22c), the model predicts that the runoff from the
incremental watersheds in relation to precipitation inputs varies over a relatively narrow range
from 0.44 to 0.52 (interquartile range), with a median of 0.48; the 10 th to 90th percentile range
for the ratios is slightly wider—0.41 to 0.57. However, the SPARROW model predictions of yield
in relation to precipitation inputs vary over a wider range and are typically larger than those
observed for the Thornthwaite runoff inputs (Fig. B.22c,d). The ratios of the SPARROW water
yields to the precipitation yields for the incremental reach catchments are typically 7% to 16%
larger (interquartile range; median=12%) than comparable ratios for the Thornthwaite runoff
inputs, with about 10% of the catchments exhibiting SPARROW ratios that are more than 25%
larger than the Thornthwaite runoff inputs.

(a)

(b)

Figure 4.14. Uncertainties in predictions of the mean total streamflow for stream reaches of Susquehanna River
Basin based on the hierarchical state-space Bayesian model. Normalized measures of uncertainties are expressed
as the ratio of the credible interval to the mean annual streamflow, with the credible interval defined as the
probability (0.68) that the true mean lies within the stated interval. Ratios for the 68% credible interval (standard
deviation) of the mean streamflow are presented for (a) HUC-6 watersheds; and (b) plotted by total drainage area.
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Two applications of the SPARROW state-space models are illustrated that address
management-related issues. The first examines the use of the model to track the upstream
seasonal sources of water that contribute to downstream water flows (Fig. 4.15). These
predictions can be made for any specified reach to improve understanding of the upstream
sources of water and how these sources may vary with season of the year. As an illustration,
the upstream water volume shares of the Susquehanna Basin outflows for the most
downstream reach are reported according to the HUC-6 watersheds for each of the four annual
seasons (Fig. 4.15). The volume shares indicate the largest water shares of the outlet flows are
contributed by watersheds in the upper basin (HUC-6 = 20501), although only modest
differences appear in the contributions of the different basins across seasons. The shares for
watersheds in the upper basin typically range from about 38% to 48%, based on the
interquartile range. The next largest shares are contributed by watersheds in the lower basin
(HUC-6 = 20503), where shares typically range from about 28% to 38%, while watersheds in the
middle basin (HUC-6 = 20502) account for the smallest volume shares, which are typically less
than 30%. Spatial variability within these regions among the 19 HUC-8 watersheds is large and
of a similar magnitude within each of the three HUC-4 basins (Fig. B.23). The largest spatial
variability in the shares within the HUC-8 and HUC-6 watersheds is evident for the spring and
summer, with the winter displaying the least amount of variation in the shares.
The second application presents annual variability in seasonal median flow by season and
regional watershed (Fig. B.24). This is relevant to assessing ecosystem flow requirements in
streams of the SRB based on recommendations from a recent ecological assessment for
Pennsylvania (DePhilip and Moberg, 2010). Model predictions quantify the annual variability in
seasonal median streamflow, based on the interquartile range normalized by the long-term
seasonal median flow from 2001 to 2008. Locations and seasons with large variation in the
seasonal median flows might be expected to be associated with flow conditions that are less
optimal for sustaining the integrity of ecological communities and processes. The largest
variation in the seasonal median over eight years is observed for the summer period, when the
median streamflows of reaches typically deviate from the long-term median by a factor of 2 or
more in most watersheds. Less variability is evident in the summer median streamflows in
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reaches in the lower basin (HUC-6 = 20503), whereas the largest variability is predicted for the
middle basin (HUC-6 = 20502). The fall season also displays considerable variation in median
streamflows among reaches, with reaches in the upper basin (HUC-6 = 20501) showing the least
variability (typically < 50% of the long-term median) and reaches in the middle basin showing
the most (typically ~50% to 70% of the long-term median). During the spring season, variation
in the median streamflows among reaches tends to increase from the upper to lower basins.
The winter season displays the least variability in median streamflows, as evidenced by median
streamflows that are typically less than about 40% of the long-term median, with generally
modest differences predicted across the regional watersheds of the Susquehanna Basin.

Figure 4.15. Boxplots of annual variability in the seasonal total water volume shares of the Susquehanna River
Basin outflows to the Chesapeake Bay associated with upstream HUC-6 watersheds. Results are based on
predictions from the hierarchical state-space Bayesian model.
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CHAPTER 5
DISCUSSION

The study sequentially coupled a conceptual water-balance model with the spatially explicit,
data-driven SPARROW model (Schwarz et al. 2006) using hierarchical Bayesian techniques that
were applied to the model using a recent next-generation Bayesian simulation method (Stan;
SDT, 2015a). This allowed the application of hierarchical Bayesian methods to a larger and
more environmentally diverse set of watersheds than previously reported in hydrological
modeling literature. The discussion of the findings in this chapter is presented in three separate
sections that correspond to the three objectives of the study. The objectives were to: (1)
assess the natural and cultural factors that control spatial and temporal variability in mean
annual and mean seasonal streamflow across large regional and continental scales in the
United States (section 5.1); (2) quantify hierarchical (multi-level) effects that describe spatial
and temporal variability in the streamflow model coefficients and the model error variance
(section 5.2); and (3) identify improvements in model accuracy and process understanding that
result from the use of the hierarchical Bayesian state-space methods, which support the
quantification of uncertainties in model parameters, structural components, and observations
(section 5.3). The initial sub-sections for sections 5.2 and 5.3 summarize the general merits of
the hierarchical approaches and selected characteristics of their applications in this study.
5.1 Implications for large-scale water-balance modeling
5.1.1 The modeling approach
The modeling approach is best described as a “top-down” approach (e.g, Gupta et al. 2013),
with the objective of improving understanding of the processes that affect the annual and
seasonal variability in water generation and transport over broad spatial scales. This has
relevance to addressing longstanding scientific and management questions about how
hydrological responses in watersheds change with location and temporally at the same
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location, which has been the subject of much inquiry in the literature (McDonnell et al. 20007;
Hrachowitz et al. 2013; He et al. 2011).
The streamflow model developed in the study sequentially coupled a conceptual water-balance
model, based on a monthly Thornthwaite design, with the spatially explicit river network
structure of the SPARROW model. This offered both improved accuracy and efficiency in
modeling mean annual and mean seasonal streamflow, which supported the objectives of both
evaluating the performance of the conceptual water-balance over large spatial scales and
conducting evaluations of various computationally demanding hierarchical Bayesian
specifications. The monthly water-balance model is based on the conceptual model first
developed in the mid-20th century (Thornthwaite, 1948; Thornthwaite and Mather, 1955), but
includes modest refinements in the more contemporary versions (e.g., Wolock and McCabe,
1999). The conceptual design accounts for basic water supply and demand components of the
water cycle (precipitation inputs, evapotranspiration), mediated by the effects of soil moisture
and sub-surface storage on water releases to streams (Fig. 2.2). The model also shares many of
the fundamental conceptual features of the broad collection of annual and monthly water
balance models reported in the literature (e.g., Xu and Singh, 1998; Alley, 1985). To facilitate
the integration of the water-balance model with SPARROW, separate monthly water balance
calculations were made for each incremental reach catchment in a pre-SPARROW processing
step. These calculations generated a monthly time series of unit runoff estimates for each
reach catchment for the specified time periods (1997-2007 nationally, and 2000-2008 for the
Susquehanna Basin). Monthly unit runoff values were aggregated to annual and seasonal time
periods for use as the water input (“source”) in the respective national and SRB SPARROW
models.
The integration of the monthly water-balance output with the SPARROW model infrastructure
was shown to provide a more parsimonious structure, with appreciably more accurate
predictions for both the national and SRB streamflow models, compared with that for
alternative models that used the separate water-balance inputs (precipitation, temperature,
soil moisture) as predictor variables. This indicated the value of using the basic mechanistic
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water-cycling components in the water-balance model to predict annual and seasonal
streamflow. The water-balance model accounts for seasonality in water supply and demand
and antecedent monthly conditions in soil and sub-surface stores of water. The accounting of
seasonal processes in the annual model provides a more resolved coupling of the seasonality of
precipitation and temperature and their interactions with seasonal water storage dynamics.
This can be especially important in more arid watersheds and areas of the southeastern U.S. to
capture out-of-phase seasonality of precipitation and temperature (Wolock and McCabe, 1999).
Overall, these results are consistent with prior findings (Wolock and McCabe, 1999) that
indicated the importance of soil moisture storage and seasonality in water supply and demand
in explaining mean annual runoff in the conterminous United States. The use of unit-runoff as
the primary climate driver in SPARROW also provided some efficiencies during the estimation
phase. This allowed the hierarchical properties of the model (i.e., regional and seasonal
influences on model coefficients and uncertainties) to be more fully explored with fewer
computational demands on the Bayesian simulations.
By sequentially coupling the unit-runoff component of the monthly water balance with the
spatially explicit SPARROW framework, the streamflow model is structured to allow the land-towater (“landscape”) delivery factors and aquatic attenuation component to account for
additional natural and anthropogenic properties of watersheds that control water availability
and demand. The landscape and aquatic properties are specified in SPARROW so that they
mediate the “natural” unit-area runoff response described by the Thornthwaite model, which is
conditioned on the prevailing climate and soil moisture conditions in each reach-level
catchment. The additional interaction variables describe various land characteristics (land use,
soils, vegetation) that affect water supply and demand and properties of stream channels and
reservoirs that govern water routing, loss, and accumulation. The landscape interaction
component of the SPARROW streamflow model shares some of the functionalities of the Curve
Number (CN) Method that’s used in many hydrologic models—a method that employs
empirically derived relations of the effects of land characteristics (land use, soils) on runoff and
delivery to streams (Limbrunner et al. 2005). The CN approach is one of the most widely
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applied rainfall-runoff concepts and currently used in a variety of mechanistic hydrologic
models for event-based, daily, and monthly time steps (Limbrunner et al. 2005).
The reach-network routing and the first-order loss components of SPARROW provide a spatially
explicit method for accumulating (“scaling up”) the unit-runoff from local and distant
catchments, while accounting for the net effects on mean streamflow of water losses in
channels and reservoirs that occur during the lengthy transport distances in large watersheds.
Explicit measures of stream and reservoir hydraulic properties (i.e., water residence time,
stream depth) as used in this study have not been commonly used to predict hydrologic
response in regionalization studies reported in the literature (e.g., see expanded list in He et al.
2011 where only one of 15 randomly selected studies from the literature used flow channel
distance as a predictor). Also, regression-based regional- and continental-scale models of
annual and seasonal mean conditions in (e.g., Wolock and McCabe, 1999; Vogel et al. 1997;
Vogel et al. 1999) have typically characterized lumped-watershed conditions rather than use
spatially explicit measures of stream and reservoir properties. Many of these studies have also
tended to focus on less developed watersheds by eliminating sites that are affected by water
regulation, diversions and withdrawals (e.g., HCDN; Vogel et al. 1997; 1999) rather than
assessing a diversity of conditions in larger, more developed watersheds that are drained by
larger streams and rivers. As an exception, one recent national water-balance study using a
Thornthwaite model coupled to the RF1 national river network (Weiskel et al. 2014) employed
trial-and-error calibration methods to model in-stream loss via evapotranspiration as a function
of excess PET, conditioned on the stream area expressed as a fixed percentage of the total
hydrologic unit area. The water routing components in most rainfall-runoff models with onedimensional flow are based either on the Manning equation for steady uniform flow or on the
St. Venant equations or simplifications for the conservation of mass and momentum for
unsteady flow conditions (Chapra, 1997), with emphasis on the routing of changes in the flood
wave. One continental-scale application of a mechanistic water-balance model (Arnold, 1995,
1999) used the Manning equation to estimate the mean water velocity and flow rate, with
additional accounting for transmission losses in alluvial channels and evaporative losses as a
function of potential evapotranspiration and stream surface area.
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5.1.2 The national model
The SPARROW model results indicate that mean annual streamflow conditions are
predominantly controlled by climate and unit-runoff as described by the effects of
precipitation, PET, AET, and soil moisture storage, variables that are included in the waterbalance conceptual model. However, additional climate, landscape, and aquatic predictor
variables play an important complementary role in explaining variability in the streamflow
response across regional scales in river networks. The prediction error of the national
streamflow model was reduced by an average of 25% by including these predictors, with
notable improvements in the regional accuracy of the model predictions, as evidenced by
reductions in prediction biases and improved precision in many regional watersheds. By
coupling the major climatic drivers described by the Thorthwaite-based estimates of unit runoff
with ancillary natural and anthropogenic predictor variables in SPARROW, approximately 90%
of the variability in log-transformed mean annual and mean season streamflow was explained
for most stream reaches. This corresponded to an average reach-scale prediction accuracy of
about 47% for the long-term mean annual streamflow. The mean annual streamflow
predictions were highly sensitive to additional land-to water and aquatic predictor variables;
these provided more regionally-specific descriptions of climate effects on the water balance,
related to both energy demands and water supply. These included peak vegetation (EVI), the
percent difference between PET and AET relative to the PET (a measure of dryness), the
distribution of monthly precipitation during the year, stream density, and water losses in
streams that are potentially caused by evaporation, recharge to groundwater, and transpiration
by riparian vegetation. Landscape topography (slope) and land use (forest area) were also
found to be highly sensitive explanatory variables. A second tier of sensitive, but less
important, explanatory variables included soil clay content, urban and grass land area, tile
drainage, and water loss in reservoirs (which displayed large regional differences in sensitivity).
The finding that long-term mean annual streamflow variability is primarily controlled by climatic
variables is generally consistent with the results from prior multiple linear regression models of
mean annual streamflow (Vogel et al. 1999). Vogel et al. (1999) calibrated annual regression
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models separately for each of the 18 HUC-2 regions in the conterminous U.S., using 40-year
records from relatively undeveloped watersheds (HCDN). They reported that precipitation and
temperature alone explained most of the variability in annual streamflow. Increases in
explanatory power from additional climatic and geomorphic (slope, elevation, area) variables,
beyond precipitation and temperature, were generally minor (Vogel et al. 1999). The primary
differences with the SPARROW model specifications are: Vogel et al. (1999) evaluated relations
for natural watersheds, modeled annual variations in streamflow over time, included generally
fewer explanatory variables for land-to-water delivery and aquatic properties, such as
vegetation, land cover, and stream and reservoir losses, and did not include comparisons with
water-balance estimates of unit-runoff. In view of the strong coupling between climate, soils,
vegetation, and topography, it’s generally expected that climate related variables would explain
much of the variability in streamflow. However, other researchers (McDonnell et al. 2007) have
indicated that sufficient distinctions exist among these properties over large spatial scales that
they may exhibit separate and independent effects on hydrological responses.
A selected number of the SPARROW predictor variables in the national model have also been
shown to be important predictors of the rainfall-runoff response in regionalization studies,
where regression approaches have been used to extend hydrologic metrics to ungauged
catchments. The most commonly used watershed properties in prior studies include drainage
area, slope, land use (forest, urban, pasture), elevation, drainage density, and soil properties
(He et al. 2011; DeWalle et al. 2000). Although these properties are among the more
informative predictive metrics, it’s been acknowledged that they are also among the more
readily available spatially distributed measures of watershed properties, which may partially
explain their extensive use for extrapolation in regionalization studies in the literature (He et al.
2011). Regional studies based on simple water-balance techniques (e.g., Weiskel et al. 2014)
have also successfully used predictors such as measures of aridity / dryness to explain largescale variations in runoff and evapotranspiration losses.

180

5.1.3 The Susquehanna River Basin model
Mean seasonal variability in streamflow, based on the results of the SPARROW SRB model, was
found to be controlled almost exclusively by spatial and temporal variation in climatic-related
properties as quantified the unit-runoff predictions from the water-balance model. However,
larger improvements in model accuracy were observed by adding temporal rather than spatial
complexity to the SPARROW model, based on the use of hierarchical coefficients that vary by
season (for unit-runoff) and by watershed (HUC-8) for the land-to-water delivery factors. For
example, evaluations with hierarchical model specifications that compared the effect of adding
spatial complexity to the unit-runoff explanatory variable (i.e., HUC-8 or HUC-6 watersheds)
yielded reductions in the model error (RMSE) of only 5% or less. By contrast, the overall model
RMSE was reduced by 27% using the more complex 32 seasonal unit-runoff model (H-32). The
larger improvements in prediction accuracy (reduced bias) that resulted from increased
temporal complexity were consistent with the observed temporal and spatial patterns of
variability in the climate drivers (precipitation, unit-runoff) of the Susquehanna flow model and
the streamflow response variable; these all show greater temporal than spatial variability. For
example, temporal variations in precipitation are about 2.4x larger (based on the median;
interquartile range=2.1x to 2.7x) than spatial variations within the seasons. Temporal variations
in unit runoff and streamflow are 1.6x and 1.8x larger, respectively (based on median; the
interquartile ranges are similar, about 1.3x to 2.2x) than spatial variations within seasons.
Therefore, streamflow models with greater temporal than spatial complexity would be
expected to show higher levels of model accuracy, and were found to explain more of the
dominant patterns in the observed streamflow in relation to climatic forcing.
For the SPARROW SRB streamflow model, several landscape variables were also identified to be
important (EVI, soil permeability, percent urban land), with parameter sensitivities spanning
nearly an order of magnitude. Streamflow predictions were most sensitive to changes in EVI,
which were negatively correlated with EVI and displayed variability consistent with
evapotranspiration effects on flow. In addition, streamflow was found to be more sensitive to
temporal variations in EVI than to spatial variations (based on the hierarchical Bayesian

181

evaluations), with some of the largest flow responses to changes in EVI observed during the
summer and winter. The relative importance of temporal variation in EVI to flow response is
consistent with the finding that the observed variability in streamflow, precipitation, and unit
runoff is larger over time than space. Overall, streamflow sensitivities to spatial variations in
urban land and soil permeability were rather small relative to those observed for EVI. However,
the more heterogeneous response of streamflow to urban land, characterized by a relatively
skewed distribution of flow sensitivities—i.e., large sensitivities in relatively few catchments, is
consistent with the expected non-uniform distribution of urban lands that is common to the
Susquehanna Basin and elsewhere.
5.1.4 Water losses in streams
The findings for both the national and SRB streamflow models revealed that the net loss of
water from stream channels can be described as an approximate first-order volume-dependent
process, based on evidence of a decline in the fraction of the water volume that is removed per
day of water travel time (i.e., estimated as a reaction rate constant or mass transfer coefficient)
with increasingly stream size. The detection of net water losses in streams for mean annual
and seasonal conditions is facilitated by the explicit separation of terrestrial and aquatic process
components in SPARROW. Based on the continuous loss function in the national streamflow
model, the estimated net annual water loss varies over about two orders of magnitude—i.e.,
losses of about 20% to 0.2% of the water volume per day of water travel time—across about
two orders of magnitude in stream depth (0.06 to 6 meters) in the 1:500,000 scale RF1 reach
network. Net water losses in streams of the Susquehanna River Basin are consistent with losses
predicted by the continuous first-order loss function; however, the magnitude of the water loss
is estimated to be much lower in the SRB (~40%) and is estimated with much greater statistical
uncertainty than that predicted by the national continuous loss function.
Large regional differences are also detected in the rates of water loss in streams across the
United States that are caused by both differences in the estimated reaction rate coefficients
and the water time of travel that scales proportionally with flow magnitude. Results of the
hierarchical national model show larger estimated reaction rate coefficients for streams in
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many of the arid western regions and smaller reaction rate coefficients in the humid eastern
streams. Predictions of streamflow from the national model are also more sensitive to instream water losses in mid-continent and western streams, where the smaller flows and lower
water velocities are associated with higher net rates of water loss per unit travel time. It’s
possible that some of estimated water losses in western streams are partially influenced by
water withdrawals and consumptive use by agriculture; specific evaluations of these effects
could potentially refine these estimates, although the data on withdrawals are limited. In the
SRB, the effects of seasonal in-stream water losses are statistically detectable for streams;
however, the cumulative water losses, expressed as a percentage of the water volume
removed, are very small (less than a few percent) and the estimates are highly uncertain. A
seasonally specific function that estimates water loss only during the spring and summer, when
evapotranspiration effects are large, could potentially enhance the SRB in-stream water loss
estimates.
The estimated functional relations for water loss reveal that the mean annual cumulative losses
in stream channels over long distances to river outlets in the U.S. display a dendritic pattern
(Fig. 3.13b), with a concentration of the largest losses occurring during the downstream
transport from small streams. A similar, but statistically less certain, spatial pattern occurs in
mean seasonal water loss in the Susquehanna Basin. These loss relations are intrinsically tied
to the stream network structure, with fractal scaling properties. This provides improved
understanding of an important scale-related property of watersheds that has widespread utility
for transferring information on hydrologic response across diverse river systems. There are,
however, interpretative limitations given that the specific causes of the net losses over annual
and seasonal time scales are not identified by the model, but may include a combination of
potential processes, such as direct evaporation from water surfaces, recharge to the subsurface
(especially in western streams), and transpiration from riparian vegetation. The first-order
water loss function estimated for streamflow is similar to that estimated previously using
SPARROW for chemical (organic total carbon, total nitrogen, and total phosphorus; Shih et al.
2010; Alexander et al. 2000; Alexander et al. 2008) and physical (suspended sediment; Brakebill
et al. 2010) constituents, and independently observed for field measurements of denitrification
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losses of nitrogen (Peterson et al. 2001; Alexander et al. 2008, 2009; Bohlke et al. 2009;
Mulholland et al. 2008). However, in contrast to these chemical and physical constituents
where the empirically estimated SPARROW rates could be compared with available literature
rate measurements, a similar body of literature rates on net water losses does not exist for
streams and reservoirs. Such comparisons are complicated considering that the net loss rates
estimated by SPARROW are likely to be explained by a combination of processes associated
with water bodies and their riparian areas for which aggregate field measurements are
currently unavailable.
5.1.5 Summary
The SPARROW streamflow modeling results demonstrate the appreciable value of accounting
for the monthly water-cycling mechanics in the conceptual water-balance model to support the
estimation of a mean annual and mean seasonal streamflow conditions in streams. The
accounting for the major climatic drivers in the Thorthwaite water-balance model and
additional natural and anthropogenic predictor variables explained considerable variability in
mean annual and mean season streamflow. Although the mechanics of the Thornthwaite water
balance model provide a relatively simple accounting for the seasonality of water supply,
demand, and storage, this process structure is clearly necessary to achieve acceptable levels of
accuracy in the evaluated SPARROW models. By contrast, simple models without these
mechanics—i.e., separate predictors for precipitation, temperature, and soil moisture
storage—perform very poorly. However, despite the high predictive value of these simple
mechanics in the streamflow model in both space and time, an accounting of multilevel random
effects was necessary (see next section 5.2) to overcome prediction inaccuracies related to
additional regional and temporal (intra- and inter-annual) variations in water cycling processes.
These processes were not fully accounted for in the non-hierarchical SPARROW model that was
sequentially coupled with the Thornthwaite water-balance unit-runoff.
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5.2 Hierarchical Bayesian methods
5.2.1 Advantages and characteristics of the approach
The hierarchical methods offer advantages in quantifying spatial and temporal variability in
hydrological responses that are characterized by model coefficients and measures of model
uncertainties. A key advantage is the capability to share data (or “borrow” information) across
space and time. This can provide more informed model-based inferences at both large
(continental) and small (region, watershed) spatial and temporal scales that can advance
understanding of process effects and provide improved prediction accuracy. The methods were
evaluated for a large continental-scale application of the SPARROW watershed model, using a
“top-down” approach to quantify regional and sub-regional variability in streamflow (e.g.,
Gupta et al., 2013; Bloschl, 2006; Young, 2003). Over small spatial scales, the hierarchical
methods can improve model precision in locations with limited information quantity and
quality. Over large spatial scales, the methods can potentially provide a less biased and more
specific description of regional or temporal variations in the model coefficients and
uncertainties.
An intrinsic characteristic of hierarchical methods is the treatment of model parameters as
random variables (i.e., “random effects”) that may vary as a function of other properties. In
this study, the SPARROW model parameters are allowed to vary by space (region) in the
national model and by both space (region) and time (season, year) in the SRB model. The
simultaneous hierarchical space-time specification in the SRB model has not been previously
evaluated for SPARROW. Hierarchical variations in the parameters (sources, landscape
transport, aquatic attenuation, model structural error variance) are indicative of multilevel
effects that are associated with between-region or between-season differences in the
streamflow response to unit changes in the explanatory variables or differences in the model
error variance component. Multilevel random effects are expected to reveal additional spatial
or temporal variability in streamflow responses, given that model coefficients are “effective”
quantities that represent the influences of a complex set of latent climatic, hydrological, and
biogeochemical processes. The effects of these processes in the national streamflow model
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were expected to vary spatially, especially over areas that are as climatically diverse as found in
the continental United States. Multilevel seasonal effects in the SRB model were expected to
reflect intra- and inter-annual variations in hydrological responses caused by latent variations in
such factors as soil moisture and groundwater storage, evapotranspiration, precipitation, or
land use. Model mis-specification, caused by the gross exclusion of key explanatory factors in
the streamflow model, could also contribute to spatial and temporal variations in the
hierarchical model coefficients and error variance terms. Prior understanding of how much
spatial variation to expect in SPARROW coefficients and uncertainties was limited, although
national studies of runoff (McCabe and Wolock, 2014; Vogel et al. 1998) have revealed notable
regional differences in model coefficients and model residuals. Recent regional SPARROW
models for total nitrogen loads in the U.S. (Preston et al. 2011) were found to display
somewhat modest regional differences in model coefficients but indicated large differences in
the model uncertainties.
The estimation of random effects using hierarchical parameters reflects the “borrowing” of
information over space and time based on a weighted combination of the collective data. The
weights are estimated as a function of the strength of the group (region, season) effect (i.e., the
magnitude of the variation between groups relative to the variation within groups) and the
quantity of sample data available for the groups. Thus, the parameters are partially-pooled
estimates that are derived as a weighted combination of the parameters from more extreme
groupings of the data than would be described by either a pooled sample of the data (e.g., a
single national streamflow model) or an unpooled sample (e.g., separate regional streamflow
models). Hierarchical models, therefore, provide an efficient method for sharing information
from a larger set of pooled data for which more statistically reliable global relations and
parameter values can inform the estimation of less certain and data-poor group-level relations
and parameters, cases where the information quantity and quality is highly variable.
The aggregations of space and time that are most relevant to identify multilevel random effects
in the streamflow models are inherently ambiguous. The aggregations used in this study to test
the hierarchical Bayesian techniques were informed by jointly considering the resolution of the
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model and geospatial data, with recognition of major river basin boundaries as well as the
practical limitations imposed by the spatial distribution of the available stream monitoring sites.
The choice of geographically contiguous aggregates of drainage area defined by HUC-2 regions
in the national model and HUC-8 watersheds in the seasonal SRB model relied on a convenient
and widely recognized hierarchical classification of watersheds in the United States (Seaber et
al. 1987). The HUC-2 and HUC-8 regions also represented the smallest areas of aggregation
that could be reliably supported by the spatial distribution of the stream monitoring sites, given
that the selection of sites from the much larger set of historical flow sites was restricted to
complete continuous flow records for the periods of interest. The choice of seasonal (4 per
year) uniform time intervals for the SRB hierarchical model specification was guided, in part, by
spatial and temporal computational limitations of the Bayesian simulation methods, based on
preliminary evaluations of monthly time-step models.
Previous regional studies of annual and seasonal streamflow in the continental U.S. have also
used the HUC-2 regions (e.g., Vogel et al. 1998) and other regional watersheds of this size
(McCabe and Wolock, 2014) to frame the interpretations, with the findings revealing both
uniformities and heterogeneities in hydrological responses within these regions. Uniformities in
annual and seasonal streamflow variability have also been reported within HUC-2 regions in
analyses that account for climatic connections between flow and recurrent atmospheric and
oceanic conditions (Lins, 1997), with heterogeneities detected in only selected mid-continent
regions, such as the Red-Rainy (09), Missouri (10), and Arkansas-White-Red (11). Nevertheless,
future SPARROW studies need to give a more comprehensive look at alternative regional
aggregations of drainage areas for the United States, beyond the HUC-2 regions and the limited
sub-regional combinations examined in this study for the mid-continental areas. Only limited
attention was given to alternative aggregations of the mid-continent watersheds where climatic
conditions change abruptly with distance (see section 3.3), but additional monitoring sites will
be needed to support more informative evaluations. One recent study of MOPEX catchments
in the continental U.S. (Berghuijs et al. 2014) identified 10 hydrologically similar clusters of
catchments, based on major process components of the seasonal water balance such as
snowmelt fraction and extent of consistency in seasonal precipitation and evapotranspiration;
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these clusters show many consistencies with the HUC-2 regions in the eastern half of the U.S.,
but display differences in many mid-continent and western regions. This more processinformed classification (Berghuijs et al. 2014) could potentially enhance the hierarchical
specification of the SPARROW model parameters.
5.2.2 Evidence for hierarchical effects on streamflow
Evidence of multilevel random effects in the models included improved accuracy of the model
predictions and coefficient estimates and the detection of spatial and temporal variability in the
model coefficients and model-error variance components of the model. Compared to the nonhierarchical model results, the hierarchical Bayesian streamflow models provided ample
evidence of improved prediction accuracy across regions and seasons. Both the steady state
national model and the dynamic SRB model showed notable reductions in prediction bias and
increased model precision for the calibration sites. The improved prediction accuracies in the
major regional watersheds, based on median levels for the national streamflow model, were
relatively large—ranging from 10% to more than 50%. However, these improvements were
primarily limited to streams in the eastern regions (HUC-2 regions 1-9), where there was
evidence of both reduced bias and improved precision. Streams in western regions displayed
fewer improvements, with the exception of two regions (13-Rio Grande; 15-Lower Colorado).
Accounting for heteroscedasticity in the model errors through the use of a regionally variable,
scale-dependent variance component also led to improvements in prediction accuracy—these
were, in fact, larger than the improvements associated with the addition of hierarchical
coefficients to the national model (Fig. 3.6). The model accuracy results that were observed for
the calibration sites were generally confirmed by the validation results (Fig. 3.6).
The hierarchical model results in the SRB also indicated marked improvements in prediction
accuracy over much of the Basin as compared with the accuracy of the non-hierarchical model.
Median accuracies showed improvements of from 10% to more than 50%, with much greater
increases in accuracy detected over time than space. Enhancement in the temporal complexity
of the SRB model, which included a hierarchical specification of intra- and inter-year variability
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in the runoff coefficient, was found to effectively capture the dominant patterns of temporal
variability that are present in the climate drivers (precipitation, unit-runoff) across the Basin.
The improved accuracy of the national and SRB streamflow models, related to the addition of
hierarchical components, reflected both increases in precision and reductions in prediction
biases. Evidence of improved precision included reductions in the standard errors of a majority
of the national model coefficients, reductions in the magnitude of the model error of the SRB
flow model, and regional and local refinements in the national model uncertainties, related to
the use of a regionally variable, scale-dependent error-variance component. Evidence of
reductions in prediction bias was visible in the regional and seasonal comparisons of observed
and predicted values, but also included the modest reductions in spatial autocorrelation in the
model uncertainties. For the national model, the levels of statistical significance (p-values) of
the tests for spatial autocorrelation (Moran’s I) were slightly reduced for most regions,
compared to the autocorrelation test results for the non-hierarchical model, with three fewer
regions displaying statistically significant autocorrelation test results. For the SRB model, the
spatial autocorrelation results were somewhat mixed, although the evidence for a reduction in
autocorrelation based on the site-pair correlations appeared to be more convincing than the
more modest evidence of increased autocorrelation based on the Moran’s I test results.
Spatial variability in the hierarchical coefficients of the national model was observed to be
relatively modest for a majority of the explanatory variables. The largest regional variability in
the coefficients was observed for a group of four of the 12 explanatory variables that included
stream density, urban land, soil clay content, and peak vegetation index. Some of the larger
regional deviations from the national mean for these coefficients were observed in the midcontinent region where climate conditions change abruptly and mis-specification of the nonhierarchical national model was observed. A second group of parameters in the national model
exhibited less regional variability, and included runoff, stream water loss, land slope, and
seasonal distribution of precipitation. The in-stream water loss variable displayed some of the
largest regional variations in coefficient values, ranging from the uniformly low values in
eastern streams to the consistently higher values in western streams. The higher western
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values could potentially reflect larger rates of water loss in more arid climates, although these
may also partially reflect consumptive use losses by agriculture. Regional variability was
reduced by 10% to 40% for about two-thirds of the coefficients in the national model by
accounting for heteroscedasticity in the error variance, while increases of a similar magnitude
were observed for the remaining coefficients, which included in-stream water loss. In the SRB,
the enhanced temporal complexity of the streamflow model revealed large intra- and interannual variability in the runoff coefficients. Temporal variability in the runoff coefficients was
associated with larger improvements in prediction accuracy than the addition of spatial
variability in the land-to-water delivery coefficients. The magnitude of the spatial variability in
the land-to-water delivery coefficients of the SRB model, which included EVI, soil permeability,
and urban land area, were found to be generally similar to the levels observed for the top-tier
parameter group of the national model. One challenge in interpreting spatial variability in the
hierarchical coefficients for many of the explanatory variables is the lack of a complete causal
explanation for regional variations. Interpretations may be especially difficult for the midcontinent regions in the national model, where variations may reflect adjustments to multiple
explanatory variables for large prediction biases. Additional scrutiny of the coefficient
variations and model predictions will be necessary to obtain better insights into possible
causes.
Spatial and temporal patterns in the accuracy of the hierarchical models provide valuable
information about the strength of the multilevel effects on streamflow variability. Evidence of
larger improvements in prediction accuracies in the eastern regions than in the western regions
indicates that the eastern model predictions are generally more sensitive to regional-scale
multilevel variations in the model parameters. The heightened sensitivity in eastern regions is
likely explained by smaller model uncertainties, which are on average about one-third smaller
than the model uncertainties in western regions (see Fig. 3.4) and more strongly related to
drainage basin size (according to an inverse relation) than observed for the western
watersheds. These regional differences in model uncertainties are consistent with the regional
model uncertainties of previous regression models and analyses for HUC-2 regions in the U.S.
(Vogel et al. 1998; 1999). Some of these differences in model performance may be partially
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attributable to sampling uncertainties, given that the monitoring station density for the
national model is lower in western watersheds (i.e., the drainage area in relation to the number
of monitoring stations is about 1.5 to 1.7 larger in the western regions). However, results from
the state-space model, which separately accounts for the observation (i.e., sampling error)
uncertainties, indicate that the regional differences in model uncertainties of the national
streamflow model are consistent with structural process-related uncertainties of the model
(see discussion in section 5.4).
For the SRB, the prediction accuracies indicate that the streamflow predictions display greater
sensitivity to increases in temporal as compared to spatial model complexity. Only modest
improvements were observed in prediction accuracies when either intra-annual (H-4) or interannual (H-8) variations were accounted for in unit-runoff. However, the addition of a more
temporally complex and heterogeneous specification to account for variability in unit-runoff
simultaneously across both seasons and years produced very large gains in prediction accuracy.
This more complex specification was required to accurately predict the highly variable year-toyear streamflow responses to unit-runoff that occur during the more extreme water supply and
demand conditions in the spring and summer seasons. This more complex specification is wellsuited for use to extrapolate to ungauged SRB catchments and streams for the calibration
period 2001-2008. However, the very large variability that occurs in climatic and hydrologic
conditions within individual seasons and years (e.g., summers of 2003, 2004, and 2006) imposes
limits on the forecasting accuracy of a more generic and transferable hierarchical model
specification that, for example, might describe only average intra-annual variations in
streamflow responses across years. Therefore, the tradeoff between the descriptive and
predictive (or forecasting) power of the SRB model specifications are important to consider—
the increased descriptive power of the more complex model (H-32) is likely achieved at the cost
of reduced forecasting capability.
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5.3 Hierarchical Bayesian state-space modeling
5.3.1 Advantages and characteristics of the approach
In this study, a key advantage of the hierarchical Bayesian state-space methods is their
capability to estimate the various sources of error that are responsible for prediction
uncertainties, based on a simultaneous accounting of uncertainties in streamflow observations,
parameters, and structural components of the model. This provides a more accurate
specification of the model uncertainties than the specification of the conventional SPARROW
model (e.g., Qian et al. 2005). Predictions of streamflow, updated to include the state-space
estimates of the uncertainties associated with hydrological processes, were designed to provide
an improved measure of the latent “true” streamflows.
Two features of the state-space methods allowed for the separation of the uncertainty sources.
First, a hierarchical specification of the model structure functionally separated the sources of
uncertainty. This consisted of one model equation for the streamflow observations and their
uncertainties (“measurement errors”), within which a second equation was nested that
described the deterministic structure of the model. The deterministic equation included the
river network, explanatory variables and associated coefficients, and a process-related
variability component (“process uncertainties”). The process uncertainties may include random
and systematic variations in hydrological processes, such as space/time biases,
heteroscedasticity, nonstationarities, and spatial or temporal correlation. The measurement
errors were expected to reflect model uncertainties primarily associated with the measurement
of streamflow (e.g., water velocity, rating curve stability). However, measurement errors are
potentially sensitive to inaccuracies in locating monitoring sites on reach segments or localized
influences on flow (e.g., diversions, gaining/losing streams) that are not recognized by the
deterministic model structure and not accounted for in the downstream observations of
streamflow within the hydrologically nested array of monitoring sites. Second, the separation of
the uncertainty sources was facilitated by the spatial propagation of the process uncertainties
(and exclusion of the measurement errors) during the model accumulation of water volumes
from individual catchments within the river network. For the SRB flow model, there was no
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explicit propagation of the process uncertainties in time across seasons because of the steady
state nature of this model—i.e., there is no active seasonal storage and transmission of water
across seasons in the model and the error structure is consistent with this feature, although
modest serial correlation was found to be implicitly imbedded in the process uncertainties as
part of the model execution.
The process uncertainties and measurement errors were specified so that they vary over space
and time and quantify uncertainties associated with the smallest observational units in the
model—i.e., seasons and incremental drainage areas between monitoring sites. The median
incremental drainage size is 1,250 km2 (interquartile range of 475 to 3,225 km2) for the 1,778
sites in the national model and 450 km2 (interquartile range of 183 to 1,075 km2) for the 85
sites in the SRB model. Therefore, the process uncertainties generally reflect the influences of
“small-scale” variations in streamflow caused by latent hydrological processes associated with
runoff generation and delivery to streams. These process effects on streamflow are potentially
unique to the individual incremental drainages of monitoring sites, and therefore, may reflect
heterogeneous patterns in the process uncertainties, such as those observed in the national
model. Alternatively, the process effects may reflect more widespread hydrological controls
on streamflow variability that are shared among surrounding watersheds as observed in the
SRB model. Accounting for these process uncertainties led to improved accuracy and
interpretability of the streamflow predictions and revealed information about the potential
causes of model uncertainties.
The removal of measurement error effects from the state-space predictions of SPARROW
models is potentially important in cases where the measurement errors are large, which could
cause inaccurate estimates of the model uncertainties. This also has implications for more
conventional non-state-space versions of SPARROW, in which reach predictions are conditioned
on the observed mean streamflow using a “substitution” method. The concern with prediction
conditioning is that it allows measurement errors to be propagated downstream, which may
potentially cause serially (i.e., hydrologically) auto-correlated model errors in cases where the
measurement errors are large. The separation of the measurement error in the state-space
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specification is important to consider for streamflow, but may have even greater importance
for SPARROW water-quality models, where the response variable is derived as a mean annual
or mean seasonal estimate of periodic measurements of chemical loads. These estimates are
typically determined from rating-curve methods (e.g., Saad et al. 2011), which are known to
have larger errors than those associated with streamflow.
In this study, the streamflow models were developed for a large set of regional watersheds,
nationally and for the SRB, to improve understanding of the performance of the hierarchical
Bayesian methods. This included a greater diversity of environmental conditions, drainage
sizes, and intra- and inter-annual time periods than had been previously (e.g., Qian et al. 2005;
Wellen et al 2012) evaluated in Bayesian applications to SPARROW. The national model of the
conterminous U.S. provided a highly diverse set of climatic conditions, which contributed to
appreciable climate-related differences in model performance and in the measurement and
process uncertainties than seen in the prior SPARROW Bayesian studies. The SRB case study
provided a humid eastern watershed with highly contrasting periods of wet and dry conditions
over nearly a decade that allowed a more detailed examination of the large-scale spatial and
temporal coupling of climate forcing and hydrologic response than previously examined with
prior Bayesian applications to hydrologic models. Greater spatial diversity in landscape and
climatic conditions would have been desirable but future applications of the model in other
eastern and western watersheds could address these shortcomings.
5.3.2 Primary effects of the state-space specification
The primary effect of the state-space specification for both the national and SRB models was an
improved characterization of the process-related model uncertainties, with generally lesser
effects observed on the model parameters and their levels of precision. From comparisons of
the results for the state-space and non-state-space hierarchical models, the overall patterns of
spatial and temporal variability in the model coefficients (i.e., deviations from the global means
and standard errors for the explanatory parameters across regions and seasons) were largely
preserved in the state-space models, underscoring the fundamental stability of random effects
described by the non-state-space hierarchical specifications. However, the magnitude of the
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variations in the coefficients between regions and seasons were observed to be lower in the
state-space models. This reflects some reclassification of previously-defined (and perhaps
somewhat mis-specified) regional and seasonal multilevel effects as instead being more
appropriately described as components of the model uncertainties that are unique to smaller
spatial units (i.e., incremental monitored drainages). Variations in the regional coefficients
were about 15% smaller in the national model and from 20% to 35% smaller in the SRB model.
Additionally, there were modest changes in the hyper-parameter mean values of less than
about 15% in the national model (median=2%). However, the mean value for unit-runoff, the
principle controlling variable in the SRB model, was unchanged. There was also evidence of
improvements in the precision of the coefficients in the state-space model as might be
expected to accompany an improved estimation of the multilevel effects and model
uncertainties, although increases in precision in the national model were typically less than 6%
for a majority of the parameters; runoff and stream water losses displayed increases in
precision of more than twice this size. Larger increases in precision were observed for the SRB
model, ranging from 11% to 34% for three of the four parameters.
Previous Bayesian SPARROW studies (Wellen et al. 2014; Qian et al. 2005) found only negligible
evidence of changes in hyper-parameter means and variances of the parameter prior
distributions as a result of the use of the state-space specification. The state-space model was
statistically preferred to the non-state-space specification in only one of the studies (Wellen et
al. 2014). Another SPARROW Bayesian study (Wellen et al. 2012) didn’t directly compare the
results of the state-space and non-state space models. In contrast to these findings, a study
using a time-varying state-space structure for a Bayesian rainfall-runoff model reported large
changes in the model coefficients and increases in the coefficient variances (Vrugt et al. 2005);
the authors attributed these changes to large measurement errors and structural biases that
were adjusted for by the state-space specification.
The process uncertainties of the national and SRB state-space models displayed two similar
characteristics. First, the process uncertainties were estimated to be larger than the
measurement (observation) errors associated with the streamflow response variable—a result
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that was expected owing to the relatively small sampling and analytical errors that were
anticipated to be associated with measurements of streamflow (see discussion in section 5.3.3).
The measurement errors for the SRB model were estimated to be about 6% on average,
whereas the process uncertainties were nearly 6x larger. For the national model, the
measurement errors showed large regional differences, with a median of about 7% in the
eastern and mid-continent regions (HUC-2 region 1-11; interquartile range of 4% to 17%) and a
median of 37% (interquartile range of 34% to 45%) in the western regions. By comparison, the
process uncertainties were generally about 3x and 1.5x higher than the measurement
uncertainties in the eastern and western regions, respectively. Second, the process
uncertainties were generally larger in magnitude than the model errors of the non-state-space
hierarchical models. This presumably reflects the use of a more accurate specification of the
structural uncertainties and measurement errors of the models. For the SRB, the process
uncertainties (RMSE) of the state-space model were larger than the model errors of the nonstate-space models by about 40%. For the national model, the process uncertainties (RMSE)
were larger than the model errors of the non-state-space model by 5% to 30% for the eastern
regions, whereas in the western regions, the process uncertainties were about 10% lower than
the model errors.
The magnitudes of the process uncertainties were found to be, on average, about 10% to 20%
of the mean annual water volume in the incremental watersheds in most HUC-2 regions
nationally, with a strong regional gradient characterized by smaller uncertainties in eastern
regions and larger uncertainties in the mid-continent and many western regions. The process
uncertainties also displayed some scale-dependent stream-size related features, with smaller
errors estimated for larger rivers than for smaller streams, a pattern that is consistent with
evidence of modest heteroscedasticity in the process uncertainties related to drainage basin
size. In the SRB, the process uncertainties were found, on average, to be about 15% of the
mean seasonal water volume in the incremental watersheds. Spatial variations in the process
uncertainties were observed to be larger than temporal variations—i.e., spatial variations in the
process uncertainties within seasons are about 14% larger (based on the median; interquartile
range=11% to 17%) than the average sizes of the temporal variations in the process
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uncertainties across the Susquehanna Basin. This result presumably reflects the explicit
accounting of multilevel seasonal effects by the runoff coefficients in the HSSP-32 model.
The spatial covariance structure of the process uncertainties was observed to differ
considerably between the national and SRB models. For the national model, evidence of spatial
covariance in the model uncertainties was negligible, based on statistical tests (Moran’s I) for
spatial auto-correlation in the process uncertainties between site-pairs (incremental drainages)
within the 18 HUC-2 regions and nationally using Euclidean distance weights and within large
river basins using hydrologic distance weights. Only two western regions (Rio Grande; Lower
Colorado) and two river basins (Arkansas, Oregon) showed statistically significant tests. This
indicates the lack of statistically detectable spatial clustering in the process uncertainties and
suggests the presence of heterogeneities in the latent processes that control “small-scale”
variability in runoff generation and delivery to streams. However, the regional application of
the Moran’s I test is unlikely to be sensitive to small-scale correlations in the process
uncertainties over distance. Nevertheless, the results of the accuracy evaluations for the
validation sites suggest that the spatial correlations are not likely to extend over very large
distances beyond the incremental drainages of the calibration sites. The higher accuracy of the
non-state-space H-RSV model at the validation stations suggest that the scale-dependent
(drainage area related) component of the error-variance in this model offers some advantages
in precision that are not seen in the state-space model and could inform improvements in the
state-space model.
By contrast, the process uncertainties in the SRB model were observed to have a distancerelated pattern of spatial autocorrelation, with the spatial covariance declining rapidly with
increasing distance between the incremental drainages of the calibration sites. Modest levels
of lag-one serial correlation were also observed in the process uncertainties at the calibration
sites. Therefore, the specification of the SRB state-space model allowed both the spatial and
temporal covariance structures to be accounted for in the posterior predictions of mean
seasonal streamflow in the SRB. This was associated with greatly improved accuracy of the
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model for making predictions in nearby and distant watersheds, based on assessments of the
model performance at validation sites.
Previous Bayesian SPARROW studies (Qian et al. 2005; Wellen et al. 2014) have modeled the
spatial covariance structure of the process uncertainties according to a CAR (Conditional AutoRegressive) specification. This allows the process uncertainties of the incremental station
drainages to be conditioned on the process uncertainties in neighboring incremental
watersheds. In one study (Qian et al. 2005), the CAR specification was shown to be effective at
detecting spatial covariances in the model errors; the improved performance with the CAR
model may potentially have been related to previously reported spatial biases in the nonhierarchical Bayesian model specification (McMahon et al. 2003). An alternative approach was
employed in the national and SRB state-space SPARROW models, made possible by the diversity
and size of the watersheds and observed data. The approach used two hierarchical features
that are sensitive to variability in hydrological processes across two different spatial scales. The
first was the use of spatially (and temporally) variable hierarchical model coefficients that
identified multilevel, large-scale (HUC-2, HUC-8) uniformities in the hydrologic response that
were linked to specific explanatory variables. The second was the state-space specification that
was shown to be sensitive to scale-dependent (temporal and spatial) variations in process
uncertainties at small scales (incremental station drainages). In comparison to the CAR
method, this allows the extraction of more process-specific information about the large-scale
uniformities in hydrologic response that are connected to the explanatory model coefficients.
The second state-space component is then allowed to capture the effects of latent hydrological
processes that may or may not be common to the processes in neighboring watersheds and
adjacent seasons. The national and Susquehanna models give examples where the extent to
which process uncertainties are shared among neighboring watersheds may differ, possibly as a
function of the temporal scale of observation (i.e., mean annual vs. mean seasonal streamflow)
and/or scale-dependent properties related to drainage size (i.e., RF1 vs. NHD river networks).
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5.3.3 Inferences about model observation and process uncertainties
The state-space model structure is presumed to provide a more accurate specification of the
model uncertainties than that of the non-state-space SPARROW model. The hierarchical
specification of the measurement errors and process uncertainties is theoretically sound (e.g.,
Qian et al. 2005, Vrugt et al. 2005), with a mechanistic recursive structure that allows the
process uncertainties (but not the measurement error of the response variable) to be
propagated with water volume in the river network. This mimics the behavior of the true
effects of latent processes on runoff generation and delivery to streams that are associated
with the smallest spatial (monitoring site incremental drainages) and temporal (seasonal) units
of observation in the models.
Nevertheless, the state-space results prompt important questions about the level of realism in
the separation of the measurement errors and process uncertainties nationally and in the SRB
and about the accuracy of the estimates of the process uncertainties of the models. Other
researchers (Vrugt et al. 2005) have posed similar questions as to whether the state-space
updates of the model predictions contain valid information about the structural uncertainties of
the model; these authors were able to identify certain systematic features for a portion of the
process uncertainties and concluded that their state-space estimates provided reasonably valid
information that could be used to improve the model structure. In the SPARROW study here,
the accuracy of the estimates of the measurement errors and process uncertainties was
evaluated through comparisons with available literature estimates and by validating streamflow
predictions, which are updated to include process uncertainties, at nearby independent
monitoring sites.
Measurement errors
Information on the expected magnitude of measurement errors in mean streamflow was
informed by limited empirical data that are available on sampling- and measurement-related
errors in streamflow. This included literature reports of the accuracy of velocity measurements
and stage-discharge ratings, which are sensitive to the stability of channel cross-sections and
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the frequency of updating of rating curves to account for shifts in channel morphology. The
estimates of measurement error for eastern and mid-continent regions were observed to be
generally within the range of expected errors in flow measurements, based on literature
estimates of the accuracy of stage-discharge ratings and velocity measurements (Harmel et la.
2006). Streamflow accuracy estimates from a recent USGS assessment of 50,000 rating-curve
measurements for gauges in 2014 (J. Kiang, USGS, written comm., 2015) also reveal regional
patterns across the U.S. that are approximately consistent with those in the measurement
errors of the SPARROW national streamflow model. Notable exceptions are found for the
Pacific NW and certain western states (New Mexico, Utah, and Montana) where the SPARROW
estimates are appreciably larger. The USGS assessment describes errors that are potentially
associated with stage-discharge rating curves that are shifted by temporal changes in channel
cross-sectional areas. These errors may be related to regional differences in climate and
hydrological processes that can affect channel morphology (e.g., bed and bank composition and
erodibility, vegetation) and thus sampling accuracy. Uncertainties in stream discharge
measurements have been identified as being important sources of uncertainty in hydrological
models (e.g., Kuczera et al. 2010; Westerberg et al. 2011). Stream discharge uncertainties have
also been observed to vary appreciably spatially, for example, as was observed in one study of
500 stations in Southern England and Wales (Coxon et al. 2014), related to various causes,
including natural changes in channel cross-sectional geometry, human-induced changes due to
flow regulation, measurement errors (e.g., velocity), and rating-curve fitting uncertainties.
An additional potential cause of the measurement errors observed in the state-space models in
this study are localized influences on flow (e.g., diversions, losing/gaining streams) that are not
recognized by the deterministic model structure and not accounted for in the downstream
observations of flow within the hydrologically nested array of monitoring sites. For example,
the higher measurement errors estimated in the national model for the western U.S. regions
may be indicative of model deficiencies in accounting for ground water sources, especially in
watersheds where the process effects are highly localized related to changes in water losses or
gains along stream reaches. In the SRB, although the state-space model improved the
prediction accuracy at Spring Creek at Milesburg, PA, higher measurement errors were
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generally estimated for lower streamflow volumes; the errors could potentially be related to
wastewaters or ground water inflows from springs, which are not accounted for by the model
structure but could be dominant sources of the total flow volume during low flow periods at
this site. Another potential cause of measurement errors are inaccuracies in locating
monitoring sites on reach segments; for example, if a monitoring station is located upstream of
the outlet of a headwater reach, the model structure would be likely to over-predict the
observed streamflow, which could be interpreted as a measurement error (note that
headwater stations associated with many of the worst cases were eliminated from the national
model in the early exploratory stages of the study).
Further evaluations are needed in future studies of the accuracy and sensitivity of the
measurement errors estimated by the state-space models. This includes additional evaluations
of the possible causes of especially large measurement errors for individual stations, such as
local water diversions, regulation, or headwater reaches where monitoring stations locations
are far upstream of the reach outlets. Also, defining prior distributions for the measurement
errors for smaller areas than the HUC-2 regions may help to isolate particular sets of stations
with large measurement uncertainties. Further evaluations are also needed of the sensitivities
of the measurement errors to inaccuracies in the explanatory data as was reported in the
results for the national model; this may reflect limits in the resolution of the geospatial data
that is likely to increase as incremental drainage areas between monitoring sites decrease in
size. Finally, evaluations are needed to assess the sensitivity of measurement errors to changes
in the length of the flow record used to compute the mean annual flow (model response
variable) as well as to the effects of missing flow data in monitoring records. Estimates of
measurement error would be expected to increase (and decrease) with the use of shorter (and
longer) flow records for averaging, which could be compared to the long-term mean annual
estimates of measurement error reported in this study, based on 11 years of flow record.
Process uncertainties
Although approximate, inferences about the accuracy of the process uncertainties are feasible
at the regional scale for the national model through comparisons with the results of previous
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regional regression models (Vogel et al. 1999) of annual streamflow for HUC-2 regions of the
U.S. The regional estimates of the standard deviation (RMSE) of the process uncertainties of
the national SPARROW model were found to compare favorably to those previously reported
for the regional streamflow models (Vogel et al. 1999). The previous models (Vogel et al. 1999)
were based on analyses of 40-year flow records in 1,500 minimally developed watersheds in
the Hydroclimatologic Data Network (HCDN). Both SPARROW and the annual regression
models show similar regional patterns in the RMSEs (Pearson r=0.63). The SPARROW process
RMSEs are about 1.5x higher than the regional RMSEs, with the largest differences observed for
New England (01=HUC-2), Arkansas-Red (11), and the Pacific NW (17). Similar to the SPARROW
findings, Vogel et al. (1999) reported larger RMSEs in western regions as compared with those
in eastern regions; they also reported evidence that the regional RMSEs were highly positively
correlated with a dryness index. Using a similar dryness index, a general positive relation is also
observed between the index value and the RMSE of the SPARROW process uncertainties
(Pearson r=0.60), although the RMSEs for New England (01) and California (18) appear as
outliers, with much larger RMSE values than would be expected based on the general relation.
Over smaller spatial scales, evaluations of the performance of the national state-space model
relative to that of the non-state-space model indicated that the streamflow predictions,
updated to include process uncertainties, tended to be less accurate at the validation
monitoring stations in many regions (Fig. 3.12). Improved accuracy was observed at a majority
of the validation stations in only a few western regions. Because of the variable distances
separating the validation and calibration stations, these comparisons may not necessarily
provide precise information about the accuracy of the process uncertainties. As described
earlier, visual inspections of the prediction accuracy for varying levels of overlapping drainage
of the calibration and validation watersheds indicated no appreciable differences in accuracy.
However, this filtering of stations had the disadvantage of greatly limiting the number of
stations for the comparisons. To reliably validate the process uncertainties and quantify the
distances and geographic areas over which the process uncertainties can be accurately applied,
additional validation and calibration stations will be needed with greater overlapping drainage
than could be achieved in this study.
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The lack of definitive information on the accuracy of the process uncertainties of the national
model at the validation sites confirms that the uncertainties are unlikely to provide reliable
information outside of the smallest units of observation in the models—i.e., the incremental
drainages of the calibration monitoring sites. These apparent heterogeneities in the process
uncertainties underscore the challenges that exist in transferring information about the “smallscale” effects of latent processes on spatial variability in mean-annual streamflow to ungauged
locations. The higher accuracy of the non-state-space H-RSV model (as compared to the statespace model) at the validation stations suggests the need to explicitly account for “large-scale”
effects on model uncertainties in the state-space model, such as those characterized by the
scale-dependent component of the error-variance of the H-RSV model. In the meantime, the
presumed improvements in the quantification of process uncertainties with the state-space
model at calibration stations has considerable utility for providing updated model-based
predictions of streamflow and chemical loadings (and source shares) at these gauged locations.
This has particular relevance to improving the accuracy of the predictions and uncertainties of
the inflows to downstream waterbodies, such as lakes and estuaries.
By contrast, similar comparisons for the SRB validations stations indicated that the updated
seasonal predictions of streamflow from the state-space model markedly improved accuracy as
compared with that for the predictions from the non-state-space model (Fig. 4.12). The
improved performance was likely related to higher levels of positive spatial correlation in the
process uncertainties over distances of less than 100 kilometers. Seasonal differences were
also seen in these small-scale correlations that are associated with the evidence of seasonal
differences in the prediction accuracy of the state-space model (e.g., higher accuracy for
summer streamflow predictions as compared to those for spring). These associations may be
indicative of the spatially-variable effects of seasonally important climatic and hydrological
controls on water cycling. These seasonally-specific controls may include: (1) the dominant
effects of groundwater inflows and transpiration losses during the summer season; (2) periods
of persistent hydrological connectivity during the fall and winter when soil moisture storage is
at or near capacity and ground water is a prominent source of water to streams; and (3) the
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heterogeneous effects of a diversity of processes during the spring season that include periods
when soil and sub-surface water storage is being reduced by evapotranspiration.
Evaluations of model structures are needed that can improve the description of the
hydrological processes that are associated with these spatial correlation patterns as observed in
the SRB. This could include models with more explicit descriptions of groundwater influences
that might be characterized, for example, by including spatial variations in carbonate geology in
the model. There’s also a need to develop models of the separate sources of water in streams
that would allow for a more explicit representation of ground water influences on total water
volumes. Graphical hydrograph separation methods rely only on streamflow data, and thus
provide a widely applicable approach for estimating surface runoff and baseflow, which could
be simultaneously modeled in SPARROW. However, the graphical methods are not without
challenges, given that that they don’t explicitly quantify ground water and their accuracy is
somewhat low in comparison to tracer mass balance methods (Miller et al. 2014).
Finally, evidence of poorer model performance in large mainstem and tributary watersheds of
the SRB, especially in the Lower SRB, revealed some possible scale-dependent drainage sizerelated limitations on the reliability of the extrapolations of the process uncertainties of the
state-space model. This could be potentially related to trans-watershed contributions of
ground water, including regional ground water contributions that are not accounted for by the
model structure. It’s also possible that these prediction errors are related to large-scale
interactions of process uncertainties during the accumulation and net loss of water mass during
transport that are not accounted for by the state-space specification and the associated process
uncertainties. These may share some properties similar to those of aggregate “emergent”
processes (e.g., Pomeroy et al. 2004; McDonnell et al. 2007). Finally, the smaller size of the
incremental drainage areas in the SRB (which are one-third the size of those in the national
model and more spatially resolved by the NHD network) may partially contribute to the
detection of these drainage size-related features in the accuracy of the extrapolation of the
process uncertainties. These unresolved questions increase the priority for using additional
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historical flow records to increase site density in future models, which may enhance
understanding of these patterns.
5.4 Conclusions and research directions
In this study, the spatially explicit source-transport SPARROW model was sequentially coupled
with a simple monthly water-balance model that described the “natural” effects of water
supply and demand processes on unit-area runoff from the incremental drainages of stream
reaches (~2 km2 to ~60 km2), conditioned on the prevailing climate (precipitation, temperature)
and soil moisture storage conditions. SPARROW was used to estimate mean annual and
seasonal streamflow in streams of the continental United States and the Susquehanna River
basin, respectively, as a function of annually- and seasonally-aggregated monthly water-balance
inputs of unit-area runoff from stream catchments, mediated by the effects of additional
natural and anthropogenic properties of watersheds that control water transport, availability,
and demand. The coupling of SPARROW and a conceptual water-balance model provided a
more accurate representation of hydrological response to climate forcing over annual and
seasonal time scales in watersheds than could be achieved with more parsimonious
specifications that used individual components of the water balance as explanatory variables.
Mean seasonal and mean annual streamflow conditions were found to be predominantly
controlled by climate and unit-area runoff as described by the effects of variables in the waterbalance model (precipitation, PET, AET, and soil moisture storage). However, additional
climate, landscape, and aquatic predictor variables play an important complementary role in
explaining regional variability in streamflow across regional scales, reducing the prediction error
of the national model by an average of 25% with notably improved accuracy in many regional
watersheds. The net water loss from streams was estimated to be a first-order volumedependent process, characterized by declines in the annual loss-rate constant with stream
depth, with larger loss rates in western watersheds. The mean annual rate constant is about
6% of the water volume per day of water travel time, but spans an order of magnitude (2% to
20%) for the observed stream depths. Estimates for the SRB were consistent with the first-order
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relation, but net water loss was estimated to be about an order of magnitude lower and
estimated with much greater statistical uncertainty.
The additional use of a computationally efficient generation of Bayesian methods (Stan) with
the SPARROW model supported the application of hierarchical methods over regional and
continental scales. Hierarchical Bayesian techniques are highly flexible, nonlinear methods that
are capable of quantifying spatial and temporal variability in model parameters and
uncertainties. This application greatly extended the spatial and temporal range of climate and
watershed conditions for assessing the use of hierarchical methods in hydrological modeling.
The evaluated Bayesian hierarchical models improved model accuracy and interpretability and
enhanced understanding of the geographic scale and potential causes of model uncertainties.
Many of the spatial and temporal structural deficiencies of the non-hierarchical models were
addressed by the hierarchical methods, revealing multilevel effects that highlight seasonal and
between- and within-region variations in streamflow response. In the national model, regional
and scale-dependent (drainage size-related) variations in the standard deviations (RMSEs) of
the process uncertainties led to large improvements in the accuracy of the model predictions,
predominantly in eastern watersheds. Regional variations in the RMSEs were associated with
climatic differences, showing a positive correlation with the extent of aridity in the basins. The
RMSE-related improvements in model accuracy were larger than those attributable to
adjustments for regional-biases in model coefficients that quantify the streamflow response to
unit changes in the explanatory variables. In the Susquehanna River Basin, the use of
hierarchical seasonally-variable unit-area runoff coefficients markedly improved prediction
accuracy, with notable improvements in spring and summer predictions of streamflow, which
are affected by highly variable year-to-year differences in water supply and demand conditions.
Additional evaluations are needed to fully understand the physical processes that are
responsible for spatial variability in the hierarchical coefficients for many of the explanatory
variables in the national and SRB streamflow models.
Hierarchical methods were also used to adjust for the effects of measurement errors in the
streamflow observations on model predictions. This allowed process-related uncertainties to
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be quantified that are associated with the predictions of water generation and delivery to
streams in reach catchments—the smallest spatial units of observation in the model. Process
uncertainties in mean-annual predictions of streamflow were found to be highly spatially
heterogeneous. By contrast, the small-scale process uncertainties in mean-seasonal predictions
exhibited seasonally-variable, scale-dependent effects that are likely caused by seasonally
important climatic and hydrological controls on water cycling. Accounting for these systematic
features in the process uncertainties greatly improved model performance during the summer
season, when groundwater inflows and transpiration losses are dominate, whereas less
improvement occurred during the spring season when a diversity of processes, including
periods of increasing evapotranspiration and declining soil and sub-surface water storage, are
likely to cause spatial heterogeneities in hydrological responses. The scale-dependence of the
seasonal process uncertainties was reinforced by evidence of the less reliable extrapolation of
the process uncertainties at validation stations in large watersheds and on the mainstem of
large rivers. This may also indicate the need for an explicit accounting of process uncertainties
that potentially result from large-scale interactions of process uncertainties during the
accumulation and net loss of water mass during downstream transport.
These advances in quantifying streamflow variability provided insights about the structural
features and potential causes of uncertainties in the model predictions. This information can
guide future research to develop spatially- and seasonally-specific functional relations that
more accurately describe the deterministic and random features of the spatial and temporal
correlation structures. The information also allows further testing of hypotheses about their
causes, which could lead to additional structural improvements in the models. These efforts are
needed to provide reliable methods for characterizing and extrapolating the process
uncertainties of the model over space and time. Such methods can lead to a more informed
transfer of hydrological information and model predictions to ungauged streams and
watersheds.
The most productive advances for modeling the process uncertainties are likely to involve the
design of regionally- and seasonally-specific functional relations for three systematic
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components of the uncertainties. The first entails a functional process-related description of
regional variability in the RMSE of the process uncertainties, which can inform the Bayesian
prior probability distributions of the uncertainties. This study and one previous investigation
have confirmed that the regional RMSEs for annual streamflows in the continental United
States are positively correlated with measures of aridity; this study also demonstrated the
drainage-size dependence of the regional RMSEs. These results provide a sound basis for
exploring more spatially and temporally resolved functional measures of this random variable.
Second, the presence of seasonally-variable, small-scale spatial correlations in the process
uncertainties in the Susquehanna River Basin provides a process-related foundation that can
improve the characterization of spatially extrapolated prediction uncertainties. These methods
need to strictly recognize seasonally-dependent spatial variability in the accuracy of the
extrapolations so that the probabilistic descriptions of the process uncertainties at ungauged
locations formally incorporate these additional prediction errors. Previous methods for
quantifying mapped isopleths for measures of spatial correlation in flow records (e.g., Archfield
and Vogel, 2010) illustrate a possible way forward to accomplish this task. The seasonal
structural features of the process uncertainties also need to be confirmed for other humid and
arid watersheds in the United States. Finally, formal testing is needed for the effects of
process-related variations in streamflow that may result from large-scale interactions of
process uncertainties associated with the accumulation of water mass (and net water losses)
during transport in river networks. This cumulative process is not currently captured by the
hierarchical methods in this study, but may additionally explain some distance-related
inaccuracies in the predictions of seasonal streamflow that were observed in the extrapolation
of the process uncertainties in the Susquehanna River Basin.
Progress in developing these advanced methods necessitates the support of two additional
efforts. One is a more comprehensive use of the historical daily streamflow records maintained
by the USGS to increase the density of stations, which is needed to refine the quantification of
the scale-dependency of the spatial covariance structure of the process uncertainties. This
could potentially resolve questions about the spatial extent of the heterogeneities that were
observed in the process uncertainties of the national streamflow model. Second, seasonal
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streamflow models need to be developed for other humid and arid river basins in the United
States to compare with the SRB findings and expand on the methods. The results of the current
study confirmed the value of the monthly and seasonal water-balance derived measures of
hydrological response to climate forcing, which can inform future models. Additional seasonal
streamflow models in other areas of the U.S. would improve understanding of the spatial and
temporal characterization of major process effects and prediction uncertainties going forward.
Computationally, future applications of seasonal streamflow models to the NHD network scale
are feasible using enhanced station densities, but are likely to be limited to drainages that are
no larger than about twice the size of the Susquehanna Basin to maintain execution times of
less than several weeks. A national application of a seasonal streamflow model to the RF1-scale
river network should also be feasible with the current Bayesian software for a period of nearly a
decade of seasonal observations at monitoring stations. However, the tradeoff is the degraded
spatial resolution of the network which may mask small-scale effects of processes. A national
application to the more resolved NHD network, which was used for the Susquehanna River
basin model, remains an important frontier for the development of Bayesian methods.
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Appendix A: SUPPLEMENTARY RESULTS: NATIONAL STREAMFLOW MODEL

Figure A.1. Annually-aggregated values of the monthly water-balance model for the HUC-2 regions.
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(a)

(b)

(c)

(d)

Figure A2 continued on next page.
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(g)

(h)

Figure A.2. Regional variability (HUC-2) in the sensitivities for selected explanatory variables in the NLLS estimated
mean annual streamflow models for the conterminous United States by HUC-2 class regions: (a) water loss in small
streams; (b) water loss in reservoirs; (c) percent forest; (d) percent urban land; (e ) peak vegetation (Enhanced
Vegetation Index); (f) difference between PET and AET; (g) seasonal distribution of precipitation volume; (h)
catchment slope.
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Table A.1. Results of the non-hierarchical Bayesian model for mean annual streamflow in the conterminous United
States with a discrete stream decay function and constant-error variance.

PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

0.8030

0.8333

0.8647

Source
Runoff
Canadian water yield (fixed)

0.8176
3138

0.0239
-

-

-

-

Land-water delivery
Forested land

-0.0029

0.0009

-0.0023

-0.0029

-0.0036

Urban land

0.0039

0.0011

0.0032

0.0039

0.0046

Grass land

0.0011

0.0007

0.0005

0.0010

0.0015

Stream density

0.2491

0.0312

0.2271

0.2510

0.2719

Farm tile drains

0.0026

0.0011

0.0018

0.0027

0.0034

Land slope

0.0122

0.0032

0.0101

0.0121

0.0141

Peak vegetation index

0.0124

0.0021

0.0110

0.0124

0.0139

Soil clay content

0.0042

0.0017

0.0028

0.0043

0.0054

PET and AET difference

-0.864

0.1499

-0.7607

-0.8593

-0.9727

Seasonal distribution precip.

0.0189

0.0028

0.0170

0.0187

0.0206

0.0131

0.0011

0.0122

0.0130

0.0139

0.5081

0.1543

0.4096

0.5058

0.5935

Channel water losses
Streams (mean flow < 28.3 m3/s)
Reservoir water losses
Reservoirs

RMSE
N observations
NS Efficiency
WAIC

0.4733
1778
0.936
-1211
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Figure A.3. Diagnostic results for the estimation of the non-hierarchical NH-CV Bayesian model for mean annual
streamflow in the conterminous United States with 1778 calibration sites: (a) observed vs. predicted water
volume; (b) model residuals vs. predicted water volume; (c) observed vs. predicted water yield; (d) model residuals
vs. predicted water yield.
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Table A.2. Spatial autocorrelation results for the non-hierarchical, hierarchical, and hierarchical state-space
Bayesian mean annual streamflow models for the conterminous United States. “Std. Dev.” = standardized deviate;
bold highlight shown for p values that are statistically significant for=0.10.
Model

NH-CV

NH-RV

NH-SV

NH-RSV

Region

Moran's I

Moran's I

Moran's I

Moran's I

Std. Dev.

p

Std. Dev.

p

Std. Dev.

p

Std. Dev.

p

1

1.84

0.0655

1.29

0.2027

1.89

0.0687

1.37

0.1697

2

1.42

0.1570

0.94

0.3584

1.36

0.1934

0.66

0.5121

3

1.25

0.2116

0.69

0.4773

1.36

0.1892

0.73

0.4624

4

-0.19

0.8457

-0.30

0.7703

-0.23

0.8139

-0.20

0.8397

5

2.92

0.0035

2.33

0.0195

2.90

0.0047

1.27

0.2033

6

-0.58

0.5600

-0.56

0.5796

-0.61

0.5502

-0.50

0.6161

7

1.86

0.0633

1.98

0.0412

2.05

0.0348

2.60

0.0094

8

0.70

0.4831

0.57

0.5521

0.66

0.5448

0.58

0.5638

9

-0.42

0.6714

-0.40

0.6929

-0.38

0.6732

-0.30

0.7616

10

7.25

4.15E-13

8.01

1.75E-15

7.02

2.32E-12

7.68

1.62E-14

11

3.54

0.0004

4.02

5.59E-05

3.40

6.53E-04

3.84

1.22E-04

12

10.30

7.36E-25

10.34

4.19E-25

9.90

5.38E-23

9.71

2.79E-22

13

0.68

0.4961

0.75

0.4446

0.70

0.4973

1.13

0.2593

14

1.23

0.2193

1.23

0.2124

1.22

0.2237

1.33

0.1834

15

1.28

0.1991

1.61

0.1149

1.30

0.1906

1.75

0.0801

16

-1.29

0.1979

-1.36

0.1743

-1.24

0.2110

-1.07

0.2849

17

0.22

0.8273

-0.11

0.8895

0.50

0.6190

0.11

0.9094

18

1.61

0.1082

1.73

0.0867

1.65

0.0946

1.65

0.0991

National

11.17

5.49E-29

11.69

3.05E-31

11.51

3.75E-31

12.92

3.48E-38

Model

H-RSV

H-RV

H-SSP

Region

Moran's I

Moran's I

Moran's I

Std. Dev.

p

Std. Dev.

p

Std. Dev.

p

1

-0.45

0.6503

-0.21

0.8351

-0.49

0.9598

2

0.08

0.9253

-0.27

0.7894

-0.62

0.4384

3

1.38

0.1523

0.75

0.4524

0.29

0.4671

4

-0.28

0.7579

-0.47

0.6361

-0.37

0.7618

5

-0.19

0.8463

0.66

0.5119

-0.89

0.4097

6

-0.11

0.9551

-0.11

0.9129

-0.15

0.7841

7

1.20

0.2302

0.44

0.6622

-0.02

0.7327

8

0.44

0.6541

0.71

0.4758

0.94

0.4243

9

0.25

0.7893

0.29

0.7713

0.80

0.4286

10

5.15

4.07E-07

4.91

9.32E-07

1.71

0.0971

11

2.65

0.0063

3.12

0.0018

-0.16

0.1069

12

7.53

3.82E-14

7.18

6.97E-13

5.42

4.39E-08

13

-0.23

0.8343

0.09

0.9291

1.68

0.1017

14

1.25

0.2077

0.98

0.3292

0.44

0.5475

15

1.45

0.1724

1.30

0.1923

0.28

0.4792
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16

-1.52

0.1356

-1.67

0.0946

-1.87

0.0339

17

-0.89

0.4037

-0.58

0.5634

0.23

0.8081

18

0.84

0.3757

0.77

0.4400

0.54

0.5324

National

4.77

1.80E-06

3.09

2.03E-03

1.06

0.3283

Table A.3. Results for the non-hierarchical Bayesian model with regional error variance (NH-RV) for mean annual
streamflow in the conterminous United States.

PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

0.7887

0.8068

0.8281

Source
Runoff
Canadian water yield (fixed)

0.8053
3138

0.0238
-

-

-

-

Land-water delivery
Forested land

-0.0034

0.0006

-0.0031

-0.0034

-0.0038

Urban land

0.0011

0.0008

0.0005

0.001

0.0016

Grass land

0.0021

0.0011

0.0012

0.0019

0.0028

Stream density

0.2015

0.029

0.1832

0.2038

0.221

Farm tile drains

0.0031

0.0007

0.0026

0.003

0.0035

Land slope

0.0108

0.0028

0.0087

0.0107

0.0129

Peak vegetation index

0.0134

0.0021

0.0118

0.0134

0.0149

Soil clay content
PET and AET difference
Seasonal distribution precip.

0.0035

0.0012

0.0026

0.0035

0.0044

-1.0599

0.1456

-0.9555

-1.0698

-1.1601

0.0165

0.0027

0.0146

0.0165

0.0185

0.0587

0.0059

0.0542

0.0597

0.0627

0.139

0.0844

0.0752

0.12

0.1915

Channel water losses
Streams (mean flow < 28.3 m3/s)
Reservoir water losses
Reservoirs
Region

RMSE

1

0.5090

0.0441

0.4807

0.5066

0.5305

2

0.3444

0.0234

0.3277

0.3433

0.3569

3

0.3811

0.0178

0.3696

0.3803

0.3924

4

0.4281

0.0329

0.4040

0.4235

0.4511

5

0.2640

0.0159

0.2538

0.2628

0.2732

6

0.3087

0.0455

0.2770

0.3058

0.3326

7

0.3042

0.0199

0.2909

0.3030

0.3168

8

0.2135

0.0303

0.1904

0.2128

0.2322

9

0.5081

0.0798

0.4528

0.4929

0.5527

10

0.7506

0.8875

0.5398

0.5590

0.5763

11

0.6938

0.0469

0.6608

0.6930

0.7248

12

0.6389

0.0448

0.6052

0.6374

0.6672

13

0.6030

0.1034

0.5183

0.5924

0.6751
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14

0.5179

0.0477

0.4841

0.5147

0.5496

15

0.7463

0.0872

0.6836

0.7377

0.7991

16

0.6308

0.0786

0.5688

0.6263

0.6856

17

0.5119

0.7920

0.3468

0.3597

0.3740

18

0.6024

0.0482

0.5679

0.5993

0.6330

N observations
NS Efficiency
WAIC

1778
0.9354
-1164

Table A.4. Results for the non-hierarchical Bayesian model with scale-dependent error variance (NH-SV) for mean
annual streamflow for the conterminous United States.

PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

0.8065

0.8238

0.8431

Source
Runoff
Canadian water yield (fixed)

0.8253
3138

0.0264
-

-

-

-

Land-water delivery
Forested land

-0.0038

0.0008

-0.0032

-0.0039

-0.0043

Urban land

0.0038

0.0015

0.0029

0.0038

0.005

Grass land

0.0020

0.0008

0.0014

0.0019

0.0026

Stream density

0.2502

0.0359

0.2237

0.2455

0.2754

Farm tile drains

0.0030

0.0009

0.0023

0.0028

0.0035

Land slope

0.0145

0.0036

0.0126

0.0145

0.0172

Peak vegetation index

0.0183

0.0020

0.0171

0.0182

0.0196

Soil clay content

0.0045

0.0013

0.0036

0.0043

0.0054

-0.9085

0.1523

-0.8255

-0.9029

-1.0096

0.0197

0.0029

0.0175

0.0197

0.0217

0.0633

0.0052

0.0598

0.0636

0.0667

0.3505

0.1355

0.2554

0.353

0.418

Slope - small basins

-0.1177

0.0048

-0.1205

-0.1172

-0.1144

Slope - large basins

0.1087

0.0169

0.0978

0.1081

0.1176

Log area breakpoint

6.7400

0.2867

6.5147

6.7199

6.9691

PET and AET difference
Seasonal distribution precip.
Channel water losses
Streams (mean flow < 28.3 m3/s)
Reservoir water losses
Reservoirs
Parameters of scale-dependent
RMSE

N observations

1778

NS Efficiency

0.936

WAIC

-1196
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Table A.5. Results for the non-hierarchical Bayesian model with regionally varying and scale-dependent error
variance (NH-RSV) for mean annual streamflow for the conterminous United States.

PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

0.7603

0.7736

0.7926

Source
Runoff

0.7756

Canadian water yield (fixed)

3138

0.0239
-

-

-

Land-water delivery
Forested land

-0.0032

0.0006

-0.0028

-0.0032

-0.0036

Urban land

0.0009

0.0005

0.0005

0.0008

0.0012

Grass land

0.0016

0.0011

0.0007

0.0014

0.0022

Stream density

0.1665

0.0267

0.1478

0.1686

0.1850

Farm tile drains

0.0022

0.0006

0.0018

0.0022

0.0026

Land slope

0.0048

0.0022

0.0030

0.0046

0.0062

Peak vegetation index

0.0181

0.0019

0.0166

0.0180

0.0192

Soil clay content
PET and AET difference
Seasonal distribution precip.

0.0008

0.0005

0.0004

0.0007

0.0011

-1.1037

0.1408

-1.0151

-1.1002

-1.1873

0.0167

0.0026

0.0150

0.0168

0.0186

0.0489

0.0053

0.0455

0.0491

0.0529

0.0391

0.0256

0.0201

0.0316

0.0492

Channel water losses
Streams (mean flow < 28.3 m3/s)
Reservoir water losses
Reservoirs

Parameters of regional and scale-dependent RMSE
Log area breakpoint

Region 1

6.3100

0.2457

6.1962

6.3201

6.4322

Region 2

4.6416

0.9094

3.8208

4.8670

5.3634

Region 3

7.4853

0.7228

7.4301

7.6291

7.7924

Region 4

5.9165

0.6097

5.8116

6.1199

6.2609

Region 5

4.8781

0.9543

4.1251

5.0131

5.7041

Region 6

5.1934

1.0640

4.5330

5.1790

5.7710

Region 7

4.4372

0.8423

3.7496

4.3135

5.0960

Region 8

6.0442

2.0454

4.3450

5.4556

7.4702

Region 9

6.7267

2.0462

4.9656

6.6426

8.6449

Region 10

9.8956

0.0845

9.8548

9.9129

9.9603

Region 11

5.1802

2.2283

3.5165

4.3504

5.8921

Region 12

6.8117

2.2316

4.8459

6.9346

8.8899

Region 13

6.2139

2.2292

4.1038

5.8279

8.2805

Region 14

7.0656

1.3906

6.4904

7.2995

8.0403

Region 15

6.7372

2.1313

4.8362

6.9683

8.6805

Region 16

6.7441

2.2802

4.5439

6.9960

8.9016

Region 17

5.7414

1.5634

4.4604

5.8918

7.1389

Region 18

8.4378

1.5024

8.4790

8.9561

9.3132
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Slope - small basins

Slope - large basins

N observations
NS Efficiency
WAIC

Region 1

-0.0741

0.0208

-0.0873

-0.0736

-0.0613

Region 2

-0.1008

0.0697

-0.1543

-0.1255

-0.0594

Region 3

-0.1301

0.0134

-0.1386

-0.1323

-0.1251

Region 4

-0.0677

0.0489

-0.1003

-0.0802

-0.0587

Region 5

-0.0992

0.0782

-0.1599

-0.1268

-0.0396

Region 6

-0.0818

0.0770

-0.1444

-0.0908

-0.0246

Region 7

-0.0677

0.0608

-0.1190

-0.0714

-0.0221

Region 8

-0.1556

0.1009

-0.2302

-0.1916

-0.1002

Region 9

-0.0885

0.0687

-0.1254

-0.0994

-0.0619

Region 10

-0.0521

0.0063

-0.0568

-0.0517

-0.0474

Region 11

-0.1354

0.0863

-0.1853

-0.1255

-0.0590

Region 12

-0.0493

0.0300

-0.0669

-0.0536

-0.0390

Region 13

-0.0909

0.0733

-0.1145

-0.0754

-0.0515

Region 14

-0.0651

0.0378

-0.0904

-0.0734

-0.0559

Region 15

-0.0394

0.0332

-0.0540

-0.0362

-0.0214

Region 16

-0.0599

0.0489

-0.0891

-0.0738

-0.0459

Region 17

-0.1805

0.0372

-0.1975

-0.1695

-0.1548

Region 18

-0.0802

0.0132

-0.0885

-0.0816

-0.0738

Region 1

-0.5397

0.0765

-0.5903

-0.5381

-0.4879

Region 2

-0.3393

0.0841

-0.3898

-0.3334

-0.2777

Region 3

-0.3281

0.0891

-0.3805

-0.3319

-0.2650

Region 4

-0.5285

0.0993

-0.5919

-0.5281

-0.4656

Region 5

-0.3594

0.0854

-0.4167

-0.3385

-0.3002

Region 6

-0.4811

0.1812

-0.6213

-0.4963

-0.3817

Region 7

-0.3192

0.0743

-0.3679

-0.3161

-0.2653

Region 8

-0.3493

0.2247

-0.5105

-0.3543

-0.2076

Region 9

-0.1034

0.2266

-0.2279

-0.1104

0.0537

Region 10

-0.6455

0.0734

-0.7037

-0.6468

-0.5970

Region 11

0.1387

0.2212

0.0583

0.1839

0.2757

Region 12

-0.0230

0.1433

-0.0862

-0.0251

0.0459

Region 13

0.0855

0.1648

-0.0180

0.0806

0.1921

Region 14

-0.3375

0.1054

-0.4064

-0.3347

-0.2712

Region 15

0.0227

0.0833

-0.0378

0.0097

0.0733

Region 16

-0.1175

0.2526

-0.2228

-0.1141

0.0171

Region 17

0.1627

0.0625

0.1237

0.1620

0.1983

Region 18

-0.3971

0.2999

-0.6531

-0.4490

-0.1440

1778
0.9336
-853
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(a)

(b)

(c)

(d)

Figure A.4. Boxplots of the ratio of the observed to predicted water volume for stream reaches by HUC-2 regions
for non-hierarchical Bayesian mean annual streamflow models for the conterminous United States: (a) NH-RV
model with regionally varying model error variance (b) Zoomed-in view of the ratios for model NH-RV; (c) NH-RSV
model with regionally varying and continuous scale-dependent model error variance (d) Zoomed-in view of the
ratios for model NH-RSV.
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Figure A.5. Comparison of the regional RMSEs of the non-hierarchical mean annual streamflow model (NH-RV),
non-hierarchical regionally varying scale-dependent error variance mean annual streamflow model (NH-RSV), and
the fully hierarchical (with regionally varying scale-dependent error variance) Bayesian mean annual streamflow
model for the HUC-2 regions in the conterminous United States. The RMSEs are compared according to a ratio of
the fully hierarchical model RMSE to the RMSE of the non-hierarchical (NH-RSV) model (red points) and a ratio of
the NH-RSV model RMSE to the NH-RV model RMSE.

Figure A.6. Number of monitoring sites in the HUC-2 regions for the national mean annual streamflow model for
the conterminous United States.
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Table A.6. Results for the hierarchical Bayesian model with regionally varying and scale-dependent error variance
(H-RSV) for mean annual streamflow for the conterminous United States.
PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

Sources
Runoff mean

0.8185

0.0581

0.7829

0.8164

0.8535

Runoff standard deviation

0.1344

0.0617

0.0971

0.1292

0.1721

Canadian water yield (fixed)

3138

-

-

-

-

Land-water delivery (mean)
Forested land

-0.0022

0.0009

-0.0016

-0.0021

-0.0027

Urban land

0.0046

0.0028

0.0026

0.0042

0.0063

Grass land

0.0035

0.0020

0.0019

0.0033

0.0046

Stream density

0.2270

0.0561

0.1896

0.2311

0.2659

Farm tile drains

0.0028

0.0016

0.0018

0.0025

0.0034

Land slope

0.0093

0.0066

0.0041

0.0081

0.0126

Peak vegetation index

0.0141

0.0049

0.0109

0.0146

0.0174

Soil clay content

0.0046

0.0031

0.0024

0.0043

0.0062

-1.1696

0.3039

-0.9657

-1.1366

-1.3604

0.0138

0.0060

0.0102

0.0131

0.0166

Forested land

0.0015

0.0011

0.0006

0.0013

0.0023

Urban land

0.0120

0.0033

0.0095

0.0115

0.0143

Grass land

0.0044

0.0027

0.0027

0.0041

0.0058

Stream density

0.1844

0.0513

0.1481

0.1777

0.2111

Farm tile drains

0.0033

0.0036

0.0009

0.0017

0.0047

Land slope

0.0178

0.0094

0.0111

0.0168

0.0235

Peak vegetation index

0.0138

0.0051

0.0107

0.0134

0.0166

Soil clay content

0.0103

0.0032

0.0078

0.0099

0.0127

PET and AET difference

0.6558

0.3416

0.4190

0.6332

0.8670

Seasonal distribution precip.

0.0151

0.0082

0.0097

0.0143

0.0191

0.0524

0.0106

0.0452

0.0522

0.0595

0.0291

0.0093

0.0226

0.0282

0.0339

0.0780

0.0555

0.0334

0.0664

0.1077

PET/AET difference
Seasonal distribution precip.
Land-water delivery (standard
deviation)

Channel water losses (mean flow < 28.3 m3/s)
Mean
Standard deviation
Reservoir water losses (nonhierarchical)
Reservoirs

Parameters of regional and scale-dependent RMSE
Log area breakpoint

Region 1

6.1267

0.6496

6.1052

6.3035

6.4034

Region 2

4.5482

0.9416

3.7480

4.5721

5.3525

Region 3

6.1431

1.1607

5.3934

6.2726

6.9259

Region 4

6.0610

0.4483

5.9546

6.1664

6.3164

Region 5

4.8308

0.9946

3.9382

5.0028

5.7062
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Slope - small basins

Slope - large basins

Region 6

5.0913

0.8197

4.5460

5.2804

5.6118

Region 7

4.4227

0.8308

3.7363

4.3520

5.0551

Region 8

5.3686

1.5538

4.2215

5.1171

6.1700

Region 9

6.7331

2.4439

4.3066

6.8872

9.2242

Region 10

9.9031

0.0903

9.8687

9.9257

9.9683

Region 11

7.8255

2.3687

5.4824

8.9892

9.7939

Region 12

6.3016

1.9536

4.5381

6.4691

7.8582

Region 13

6.5497

2.2811

4.3695

6.4767

8.8388

Region 14

7.0480

1.3827

6.5332

7.1558

7.8560

Region 15

6.2399

2.1787

4.1783

6.1105

8.2421

Region 16

6.9256

2.2411

4.7213

7.5968

8.8153

Region 17

6.0140

1.1478

5.2591

6.2709

6.9054

Region 18

8.1357

1.8602

7.7371

8.8583

9.2380

Region 1

-0.0922

0.0309

-0.1112

-0.0978

-0.0802

Region 2

-0.1274

0.0658

-0.1743

-0.1435

-0.0980

Region 3

-0.1280

0.0312

-0.1471

-0.1374

-0.1155

Region 4

-0.0777

0.0342

-0.0978

-0.0841

-0.0660

Region 5

-0.1073

0.0798

-0.1728

-0.1355

-0.0509

Region 6

-0.1126

0.0792

-0.1693

-0.1317

-0.0595

Region 7

-0.0664

0.0662

-0.1242

-0.0725

-0.0125

Region 8

-0.1090

0.1015

-0.2008

-0.1146

-0.0258

Region 9

-0.1436

0.0735

-0.1672

-0.1402

-0.1143

Region 10

-0.0598

0.0071

-0.0643

-0.0598

-0.0554

Region 11

-0.0646

0.0459

-0.0652

-0.0489

-0.0420

Region 12

-0.1421

0.0480

-0.1559

-0.1279

-0.1116

Region 13

-0.1070

0.0910

-0.1303

-0.0847

-0.0550

Region 14

-0.0754

0.0421

-0.1013

-0.0841

-0.0626

Region 15

-0.0531

0.0412

-0.0712

-0.0472

-0.0275

Region 16

-0.0593

0.0475

-0.0886

-0.0684

-0.0461

Region 17

-0.1957

0.0303

-0.2077

-0.1870

-0.1758

Region 18

-0.0817

0.0194

-0.0924

-0.0838

-0.0735

Region 1

-0.4731

0.1054

-0.5447

-0.4682

-0.4042

Region 2

-0.2818

0.0958

-0.3257

-0.2746

-0.2217

Region 3

-0.2295

0.0726

-0.2736

-0.2252

-0.1849

Region 4

-0.5568

0.1182

-0.6439

-0.5693

-0.4775

Region 5

-0.3566

0.0867

-0.4055

-0.3395

-0.2936

Region 6

-0.6469

0.1294

-0.7512

-0.6741

-0.5758

Region 7

-0.3523

0.0784

-0.4096

-0.3495

-0.2973

Region 8

-0.5118

0.1663

-0.6305

-0.5354

-0.4138

Region 9

0.0342

0.2051

-0.1027

0.0173

0.1817

Region 10

-0.5961

0.0823

-0.6506

-0.6042

-0.5470

Region 11

-0.1399

0.2287

-0.3078

-0.1518

0.0440

Region 12

0.1721

0.0909

0.1092

0.1660

0.2229
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N observations
NS Efficiency
WAIC

Region 13

0.0141

0.2178

-0.1280

-0.0053

0.1486

Region 14

-0.3025

0.1173

-0.3703

-0.2961

-0.2220

Region 15

0.0495

0.0919

-0.0164

0.0400

0.1089

Region 16

-0.0588

0.2527

-0.1864

-0.0706

0.0849

Region 17

0.2142

0.0609

0.1711

0.2115

0.2532

Region 18

-0.3411

0.3106

-0.6210

-0.3502

-0.0760

1778
0.947
-743

(a)

(b)

(c)

(d)
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(e)

(f)

(g)

(h)

Figure A.7. Regional parameter values for the hierarchical Bayesian model (H-RSV) for mean annual streamflow in
the conterminous United States with heteroscedasticity adjustment: (a) urban land area; (b) soil clay content; (c)
land slope; (d) precipitation seasonal distribution; (e ) grassland area; (f) tile percent area; (g); (h) percent forest
area. The mean values are shown as points and credible intervals are given for the standard deviation (68%, red)
and 95% credible interval (blue); the black horizontal line shows the national mean value and the red horizontal
line denotes zero. The credible interval is the stated percentile (68%, 95%) of the posterior probability distribution
for the parameter values.
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(a)

(b)

Figure A.8. Comparison of alternative parameter prior specifications for a Bayesian model for mean annual
streamflow in the conterminous United States with a hierarchical unit-runoff parameter and non-hierarchical
(fixed-effects) land-to-water and aquatic water loss parameters: (a) A national prior normal distribution for the
unit-runoff parameter; (b) Regional prior normal distributions for the unit-runoff parameter (HUC-2 regions 1-8 =
East; HUC-2 regions 9-18 = West, labeled as West 1-10). The mean values are show as points; credible intervals
given for the standard deviation (68%, red) and 95% credible interval (blue); the black and blue horizontal lines
show the national and regional mean values for the prior normal distributions, respectively. The credible interval
is the stated percentile (68%, 95%) of the posterior probability distribution for the parameter values.
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Table A.7: Results for the hierarchical Bayesian state-space model with regionally varying error variance (HSSPRV) for mean annual streamflow for the conterminous United States.
PARAMETER

Mean

Standard
Deviation

Percentiles
25%

50%

75%

Sources
Runoff mean

0.7719

0.0476

0.7420

0.7714

0.8031

Runoff standard deviation

0.1032

0.0467

0.0718

0.1003

0.1346

Canadian water yield (fixed)

3138

-

-

-

-

Land-water delivery (mean)
Forested land

-0.0017

0.0009

-0.0010

-0.0017

-0.0024

Urban land

0.0054

0.0031

0.0032

0.0053

0.0074

Grass land

0.0034

0.0018

0.0021

0.0033

0.0046

Stream density

0.2382

0.0585

0.2022

0.2400

0.2783

Farm tile drains

0.0033

0.0020

0.0019

0.0031

0.0044

Land slope

0.0106

0.0066

0.0058

0.0094

0.0149

Peak vegetation index

0.0153

0.0048

0.0122

0.0152

0.0184

Soil clay content

0.0047

0.0029

0.0026

0.0044

0.0066

-1.1391

0.2736

-0.9547

-1.1389

-1.3329

0.0133

0.0056

0.0094

0.0128

0.0168

Forested land

0.0017

0.0013

0.0007

0.0014

0.0025

Urban land

0.0126

0.0031

0.0102

0.0123

0.0149

Grass land

0.0045

0.0025

0.0027

0.0042

0.0057

Stream density

0.1691

0.0503

0.1360

0.1640

0.1968

Farm tile drains

0.0049

0.0034

0.0020

0.0043

0.0072

Land slope

0.0196

0.0095

0.0128

0.0183

0.0254

Peak vegetation index

0.0142

0.0043

0.0111

0.0137

0.0168

Soil clay content

0.0110

0.0032

0.0087

0.0109

0.0132

PET and AET difference

0.4287

0.2875

0.1895

0.3768

0.6122

Seasonal distribution precip.

0.0109

0.0061

0.0065

0.0100

0.0138

PET and AET difference
Seasonal distribution precip.
Land-water delivery (standard deviation)

Channel water losses (mean flow < 28.3 m3/s)
Mean

0.0421

0.0092

0.0361

0.0420

0.0484

Standard deviation

0.0290

0.0094

0.0221

0.0278

0.0346

0.2769

0.1291

0.1820

0.2657

0.3596

Reservoir water losses (non-hierarchical)
Reservoirs

Measurement Error Standard Deviation (RMSE)
Region 1

0.0564

0.0252

0.0365

0.0551

0.0716

Region 2

0.0322

0.0127

0.0218

0.0317

0.0417

Region 3

0.0666

0.0313

0.0372

0.0657

0.0894

Region 4

0.1583

0.0665

0.1091

0.1482

0.1898

Region 5

0.0296

0.0073

0.0241

0.0295

0.0346

Region 6

0.0720

0.0558

0.0287

0.0558

0.0960
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Region 7

0.0246

0.0160

0.0135

0.0182

0.0342

Region 8

0.0439

0.0389

0.0177

0.0289

0.0591

Region 9

0.1762

0.0962

0.1037

0.1672

0.2460

Region 10

0.1890

0.0258

0.1698

0.1877

0.2052

Region 11

0.2115

0.0419

0.1825

0.2114

0.2360

Region 12

0.3629

0.0538

0.3243

0.3591

0.3973

Region 13

0.5197

0.1196

0.4391

0.5070

0.6027

Region 14

0.0684

0.0271

0.0500

0.0617

0.0794

Region 15

0.5674

0.1058

0.4949

0.5535

0.6271

Region 16

0.3780

0.1448

0.2647

0.3618

0.4856

Region 17

0.3143

0.0262

0.2987

0.3143

0.3332

Region 18
0.3654
Process Uncertainties Standard Deviation
(RMSE)

0.0917

0.3011

0.3549

0.4280

Region 1

0.4778

0.0503

0.4422

0.4733

0.5100

Region 2

0.3114

0.0216

0.2966

0.3103

0.3232

Region 3

0.3683

0.0213

0.3539

0.3684

0.3832

Region 4

0.3920

0.0516

0.3655

0.3981

0.4236

Region 5

0.2520

0.0159

0.2411

0.2513

0.2620

Region 6

0.2112

0.0472

0.1804

0.2084

0.2400

Region 7

0.3093

0.0204

0.2954

0.3077

0.3221

Region 8

0.2114

0.0416

0.1831

0.2085

0.2353

Region 9

0.3299

0.1238

0.2383

0.3411

0.4240

Region 10

0.6111

0.0401

0.5820

0.6103

0.6379

Region 11

0.6751

0.0499

0.6397

0.6710

0.7067

Region 12

0.4259

0.0745

0.3813

0.4302

0.4711

Region 13

0.4913

0.2177

0.3172

0.4736

0.6547

Region 14

0.5841

0.0663

0.5401

0.5805

0.6251

Region 15

0.6623

0.1365

0.5853

0.6622

0.7625

Region 16

0.5347

0.1547

0.4417

0.5431

0.6436

Region 17

0.1568

0.0455

0.1156

0.1482

0.1905

Region 18

0.4762

0.1078

0.4081

0.4964

0.5512

N observations
NS Efficiency
WAIC

1778
0.993
852
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Figure A.9. Diagnostic results for the calibration of the hierarchical state-space Bayesian model for mean annual
streamflow in the conterminous United States (1778 sites): (a) observed vs. predicted water volume; (b) model
residuals (measurement errors) vs. predicted water volume; (c) observed vs. predicted water yield; (d) model
residuals (measurement errors) vs. predicted water yield.
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(a)

(b)

Figure A.10. Process-related uncertainties for the hierarchical state-space Bayesian model for mean annual
streamflow in the conterminous United States for the 1,778 calibration stations vs. (a) total drainage area, and (b)
incremental drainage area.
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(a)

(b)

(c)

(d)

Figure A.11. Boxplots of the ratio of the observed to predicted water volume for the non-state space and statespace hierarchical Bayesian models for mean annual streamflow in the conterminous United States for the 890
validation sites by HUC-2 regions: (a) Ratios for the non-state space model; (b) Ratios for the state-space model (c)
Zoomed-in view of the ratios shown in (a); (d) Zoomed-in view of the ratios shown in (b).
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(a)

(b)

(c)

Figure A.12. Streamflow predictions for stream reaches of the conterminous United States based on the
3
hierarchical state-space Bayesian mean annual streamflow model: (a) Streamflow volume (m /year); (b)
Streamflow yield (mm/year) for the incremental reach drainage area; (c) Streamflow delivered yield (mm/year) for
the incremental reach drainage area.
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Appendix B: SUPPLEMENTARY RESULTS: SUSQUEHANNA STREAMFLOW MODEL

Figure B.1. Seasonal values of the monthly water-balance model for reach catchments in the Susquehanna River
Basin, 2001-2008.
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(a)

(b)

(c)

(d)

Figure B.2. Spatial and temporal variability in the prediction sensitivities for land-to-water variables in the NLLS
estimated mean seasonal streamflow model for the Susquehanna River Basin: (a) Enhanced Vegetation Index (EVI)
by HUC-8 region; (b) EVI by season and year; (c) Urban land use percentage by HUC-8 region; (d) Soil permeability
by HUC-8 region.
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(a)

(b)

(c)

(d)

Figure B.3. Channel water loss for reaches estimated by the non-hierarchical Bayesian mean seasonal streamflow
model for the Susquehanna River Basin: (a) Water loss rate constant (fraction per day) in relation to mean water
depths; (b) Boxplots of the distribution of water loss rate constants (fraction per day) for reaches by season and
year; (c) Boxplots of the distribution of the fraction of runoff delivered to the reach outlet by season and year; (d)
Boxplots of the distribution of the fraction of reach streamflow delivered to the Susquehanna Basin outlet to the
Chesapeake Bay by season and year.
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(a)

(b)

(c)

(d)

Figure B.4. Diagnostic results for the calibration of the non-hierarchical Bayesian mean seasonal streamflow model
for the Susquehanna River Basin (85 sites): (a) observed vs. predicted water volume; (b) model residuals vs.
predicted water volume; (c) observed vs. predicted water yield; (d) model residuals vs. predicted water yield.
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(a) Juniata R. at Huntingdon, PA

(b) W. Branch Susquehanna R. at Williamsport, PA

(c) Conestoga R. at Conestoga, PA

(d) Spring Creek near Axemann, PA

Figure B.5. Diagnostic plots for four monitoring sites based on the non-hierarchical Bayesian mean seasonal
streamflow model for Susquehanna River Basin. Plots shown from upper left in clockwise direction: observed vs.
predicted water volume, log residuals vs. predicted water volume, observed to predicted ratio vs. season, and
water yield vs. season.
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(a)

(b)

Figure B.6. Lag-one serial correlation for the residuals from the calibration of the non-hierarchical Bayesian mean
seasonal streamflow model for the Susquehanna River Basin (85 sites): (a) Boxplot of station distribution of the
lag-one serial correlation; (b) Plot of lag-one serial correlation in relation to station drainage area.
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Table B.1. Spatial autocorrelation results for the non-hierarchical, hierarchical, and hierarchical state-space
Bayesian mean seasonal streamflow models for the Susquehanna River Basin. “Std. Dev.” = standardized deviate;
bold highlight shown for p values that are statistically significant for=0.10.
Model
Year

NH-CV

NH-SV

H-4

Moran's I

Moran's I

Moran's I

Season

Std. Dev.

2001

Winter

4.498

6.87E-06

4.681

2.85E-06

6.203

5.53E-10

2001

Spring

3.276

1.05E-03

3.200

1.37E-03

4.441

8.95E-06

2001

Summer

2.090

3.66E-02

2.131

3.31E-02

1.393

1.64E-01

2001

Fall

4.752

2.01E-06

4.887

1.02E-06

4.848

1.25E-06

2002

Winter

4.569

4.90E-06

4.639

3.50E-06

4.891

1.00E-06

2002

Spring

0.417

6.77E-01

0.400

6.89E-01

2.834

4.59E-03

2002

Summer

3.528

4.19E-04

3.578

3.46E-04

2.576

9.98E-03

2002

Fall

0.627

5.31E-01

0.553

5.80E-01

3.944

8.03E-05

2003

Winter

5.258

1.46E-07

5.216

1.82E-07

3.169

1.53E-03

2003

Spring

0.229

8.19E-01

0.280

7.79E-01

1.101

2.71E-01

2003

Summer

0.496

6.20E-01

0.444

6.57E-01

3.153

1.61E-03

2003

Fall

2.794

5.20E-03

2.652

8.00E-03

3.525

4.24E-04

2004

Winter

6.589

4.43E-11

6.571

5.00E-11

5.465

4.63E-08

2004

Spring

1.074

2.83E-01

1.036

3.00E-01

3.464

5.32E-04

2004

Summer

1.092

2.75E-01

1.137

2.55E-01

4.160

3.18E-05

2004

Fall

-0.263

7.93E-01

-0.158

8.74E-01

1.941

5.23E-02

2005

Winter

3.188

1.43E-03

3.093

1.98E-03

1.865

6.22E-02

2005

Spring

2.660

7.81E-03

2.793

5.22E-03

2.509

1.21E-02

2005

Summer

5.399

6.71E-08

5.459

4.79E-08

4.654

3.26E-06

2005

Fall

4.963

6.92E-07

4.961

7.03E-07

5.633

1.77E-08

2006

Winter

4.073

4.65E-05

4.094

4.23E-05

3.076

2.10E-03

2006

Spring

2.071

3.84E-02

2.121

3.39E-02

3.009

2.63E-03

2006

Summer

2.813

4.90E-03

2.887

3.89E-03

4.677

2.91E-06

2006

Fall

3.319

9.05E-04

3.216

1.30E-03

5.084

3.70E-07

2007

Winter

6.669

2.57E-11

6.645

3.04E-11

6.200

5.64E-10

2007

Spring

6.135

8.49E-10

6.060

1.36E-09

6.502

7.91E-11

2007

Summer

3.909

9.26E-05

3.973

7.09E-05

3.214

1.31E-03

2007

Fall

2.226

2.60E-02

2.224

2.62E-02

2.564

1.03E-02

2008

Winter

4.174

2.99E-05

4.170

3.04E-05

3.922

8.78E-05

2008

Spring

3.894

9.87E-05

4.006

6.19E-05

3.948

7.88E-05

2008

Summer

3.020

2.53E-03

3.002

2.68E-03

3.031

2.44E-03

2008

Fall

3.876

1.06E-04

3.921

8.83E-05

3.042

2.35E-03

Model

p

H-8

p

H-32

Moran's I
Year

Std. Dev.

Std. Dev.

p

HSSP

Moran's I
p

Std. Dev.

Moran's I

Season

Std. Dev.

p

Std. Dev.

p

2001

Winter

5.408

6.39E-08

5.513

3.52E-08

1.441

1.50E-01

2001

Spring

3.923

8.73E-05

4.686

2.78E-06

2.147

3.18E-02
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2001

Summer

1.504

1.33E-01

1.381

1.67E-01

-3.324

8.86E-04

2001

Fall

4.976

6.48E-07

4.569

4.90E-06

4.501

6.75E-06

2002

Winter

3.358

7.86E-04

5.178

2.24E-07

0.569

5.69E-01

2002

Spring

0.052

9.59E-01

1.705

8.81E-02

-0.094

9.25E-01

2002

Summer

3.052

2.27E-03

2.990

2.79E-03

2.900

3.73E-03

2002

Fall

2.545

1.09E-02

1.357

1.75E-01

1.278

2.01E-01

2003

Winter

3.935

8.32E-05

4.472

7.77E-06

1.975

4.82E-02

2003

Spring

1.204

2.29E-01

1.596

1.10E-01

-0.526

5.99E-01

2003

Summer

2.646

8.15E-03

2.139

3.24E-02

0.037

9.71E-01

2003

Fall

2.735

6.23E-03

4.096

4.20E-05

-1.328

1.84E-01

2004

Winter

4.701

2.59E-06

5.297

1.18E-07

1.128

2.59E-01

2004

Spring

3.045

2.33E-03

2.920

3.50E-03

-0.073

9.41E-01

2004

Summer

2.860

4.24E-03

2.059

3.95E-02

-0.849

3.96E-01

2004

Fall

0.102

9.18E-01

0.529

5.97E-01

-0.708

4.79E-01

2005

Winter

1.951

5.10E-02

1.889

5.89E-02

-1.114

2.65E-01

2005

Spring

1.765

7.75E-02

2.770

5.61E-03

2.214

2.68E-02

2005

Summer

4.807

1.53E-06

4.683

2.82E-06

6.121

9.28E-10

2005

Fall

5.522

3.35E-08

5.625

1.86E-08

2.471

1.35E-02

2006

Winter

2.449

1.43E-02

3.342

8.31E-04

-1.122

2.62E-01

2006

Spring

2.189

2.86E-02

1.998

4.57E-02

1.426

1.54E-01

2006

Summer

4.051

5.11E-05

2.602

9.28E-03

0.555

5.79E-01

2006

Fall

2.715

6.62E-03

4.822

1.42E-06

0.259

7.95E-01

2007

Winter

6.393

1.63E-10

6.493

8.41E-11

2.949

3.19E-03

2007

Spring

7.062

1.64E-12

6.661

2.72E-11

2.651

8.03E-03

2007

Summer

3.182

1.46E-03

3.179

1.48E-03

-0.016

9.87E-01

2007

Fall

2.531

1.14E-02

2.601

9.28E-03

0.591

5.54E-01

2008

Winter

3.499

4.67E-04

3.930

8.49E-05

1.462

1.44E-01

2008

Spring

3.709

2.08E-04

2.105

3.53E-02

0.002

9.98E-01

2008

Summer

2.932

3.37E-03

2.879

3.99E-03

1.033

3.02E-01

2008

Fall

3.626

2.87E-04

3.838

1.24E-04

2.905

3.67E-03
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Table B.2. Results for the non-hierarchical Bayesian model with scale-dependent piecewise error variance (NH-SV)
for mean seasonal streamflow for the Susquehanna River Basin.

Parameter

Mean

Standard
Deviation

Percentiles
25th

50th

75th

Source
Runoff

1.0737

0.0102

1.0673

1.0742

1.0796

-1.0038

0.0909

-0.9363

-1.0019

-1.0599

0.3633

0.1177

0.2961

0.3675

0.4458

0.0145

0.0097

0.0066

0.0122

0.0192

0.0005

0.0004

0.0001

0.0004

0.0008

Slope - small basins

-0.1656

0.0024

-0.1671

-0.1656

-0.1640

Slope - large basins

-0.3443

0.0188

-0.3567

-0.3434

-0.3322

Log area breakpoint

7.3723

0.0998

7.3146

7.3689

7.4299

Land-water delivery
EVI (Enhanced Veg. Index)
Urban land
Soil permeability
Channel and reservoir water
losses
Mass transfer coefficient
Parameters of scale-dependent RMSE

N observations
NS Efficiency

2720
0.9713

WAIC
-334
# EVI is adjusted for correlation with runoff prior to inclusion in the model (see text).
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Fig.
Figure B.7. Root Mean Square Errors (RMSE) for non-hierarchical Bayesian mean seasonal streamflow models for
the Susquehanna River Basin in relation to drainage area. RMSEs are shown for the NH-CV (constant variance)
model and the NH-SV (scale-dependent piecewise error variance) model. Seasonal estimates of the RMSE are
calculated for the NH-SV model using degrees of freedom with the number of parameters (n=9) prorated for the
32 seasons (i.e., 9/32 for each season).
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Table B.3. Results for the hierarchical (quarterly seasonal runoff) H-4 Bayesian model for mean seasonal
streamflow for the Susquehanna River Basin.
Parameter

MEAN

Standard
Deviation

Percentiles
25th

50th

75th

Source
Runoff mean

1.0919

0.1698

1.0023

1.0735

1.1489

Runoff standard deviation

0.2317

0.145

0.1381

0.187

0.2846

EVI (Enhanced Veg. Index)

-0.691

0.2318

-0.5277

-0.6925

-0.8506

Urban land

0.3145

0.2293

0.1479

0.266

0.4205

Soil permeability

0.0321

0.0224

0.0145

0.028

0.0448

Land-water delivery (mean)

Land-water delivery (standard deviation)
EVI (Enhanced Veg. Index)

0.5676

0.1398

0.473

0.5467

0.6457

Urban land

1.3327

0.3324

1.0553

1.3229

1.6147

Soil permeability

0.0772

0.0317

0.0526

0.0764

0.1004

0.3189

0.0046

0.3162

0.319

0.3217

RMSE
N observations
NS Efficiency

2720
0.9746

WAIC
-782
# EVI is adjusted for correlation with runoff prior to inclusion in the model (see text).

Table B.4. Results for the hierarchical (annual runoff) H-8 Bayesian model for mean seasonal streamflow
for the Susquehanna River Basin.
Parameter

MEAN

Standard
Deviation

Percentiles
25th

50th

75th

Source
Runoff mean

1.0753

0.0714

1.0307

1.0715

1.1206

Runoff standard deviation

0.1795

0.0544

0.1416

0.1688

0.2062

-1.1359

0.1564

-1.039

-1.1289

-1.225

Urban land

0.3265

0.2535

0.1378

0.2761

0.4448

Soil permeability

0.0339

0.0218

0.0173

0.0333

0.0455

0.5196

0.1513

0.4211

0.5002

0.6091

1.277

0.3439

1.0287

1.2072

1.5541

0.089

0.0334

0.0659

0.0835

0.1113

0.3113

0.0039

0.3089

0.3114

0.3134

Land-water delivery (mean)
EVI (Enhanced Veg. Index)

Land-water delivery (standard deviation)
EVI (Enhanced Veg. Index)
Urban land
Soil permeability
RMSE
N observations
NS Efficiency

2720
0.9758

WAIC
-716
# EVI is adjusted for correlation with runoff prior to inclusion in the model (see text).
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(a)

(b)

(c)

(d)

Figure B.8. Boxplots of ratio of the observed to predicted water volume for hierarchical Bayesian mean seasonal
streamflow models for the Susquehanna River Basin using alternative specifications of intra- and inter-annual
variability in the runoff variable: (a) Intra-annual (quarterly seasonal) runoff model (H-4) by HUC-8 watersheds; (b)
Inter-annual runoff model (H-8) by HUC-8 watersheds; (c) Intra-annual (quarterly seasonal) runoff model (H-4) by
seasons and years; (d) Inter-annual runoff model (H-8) by seasons and years. Boxplots are shown for the
distribution of predictions among stream reaches in the 19 HUC-8 regions. Some outlying values were excluded
that lie beyond the minimum and maximum limits of the graph to allow use of same endpoints on all graphs.
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(a)

(b)

(c)

(d)

Figure B.9. Diagnostic results for the calibration of the hierarchical Bayesian mean seasonal streamflow model for
the Susquehanna River Basin using alternative temporal classifications of the unit-runoff variable: (a) H-4 model:
Boxplots of observed to predicted water volume ratios by station ID for the low flow summer season; (b) H-4
model: Boxplots of observed to predicted water volume ratios by station ID for the higher flow seasons (winter,
spring, fall); (c) H-32 model: Boxplots of the model residuals for the low flow summer season; (d) H-32 model:
Boxplots of the observed to predicted total water volume ratios by station ID for the higher flow seasons (winter,
spring, fall). Some outlying values were excluded that lie beyond the minimum and maximum limits of the graph
to allow use of same endpoints on all graphs.
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(a)

(b)

(c)

(d)

Figure B.10. Seasonal and regional parameter values for the hierarchical Bayesian mean seasonal streamflow
model H-4 for the Susquehanna River Basin: (a) unit-runoff; (b) adjusted EVI; (c) urban land; (d) soil permeability.
The mean values are shown as points and credible intervals give for the standard deviation (68%, red) and 95%
credible interval (blue); the black horizontal line shows the Susquehanna Basin mean value and the red horizontal
line denotes zero. The credible interval is the stated percentile (68%, 95%) of the posterior probability distribution
for the parameter values.
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(a)

(b)

(c)

(d)

Figure B.11. Seasonal and regional parameter values for the hierarchical Bayesian mean seasonal streamflow
model H-8 for the Susquehanna River Basin: (a) runoff; (b) adjusted EVI; (c) urban land; (d) soil permeability. The
mean values are shown as points and credible intervals give for the standard deviation (68%, red) and 95% credible
interval (blue); the black horizontal line shows the Susquehanna Basin mean value and the red horizontal line
denotes zero. The credible interval is the stated percentile (68%, 95%) of the posterior probability distribution for
the parameter values.
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(a)

(b)

Figure B.12. Lag-one serial correlation for the residuals from the calibration of the hierarchical Bayesian mean
seasonal streamflow model with 32 seasonal unit-runoff coefficients for the Susquehanna River Basin: (a) Boxplot
of station distribution of the lag-one serial correlation for the times series of residuals for the 85 calibration sites;
(b) Plot of station lag-one serial correlation values in relation to station drainage area.
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(a)

(b)

(c)

(d)

Figure B.13. Measures of spatial correlation (Spearman Rho) between monitoring sites in the seasonal values of
the residuals from the hierarchical Bayesian mean seasonal streamflow model with 32 seasonal unit-runoff
coefficients for the Susquehanna River Basin by season (85 sites): (a) Correlation of seasonal residuals among
hydrologically connected sites in relation to river distance between sites; (b) Boxplot of correlation metrics in (a);
(c) Correlation of seasonal residuals for all sites in relation to Euclidean distance between sites; (d) Boxplot of
correlation metrics in (c).
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(a)

(b)

(c)

(d)

Figure B.14. Diagnostic results for the calibration of the hierarchical state-space Bayesian mean seasonal
streamflow model for the Susquehanna River Basin: (a) observed vs. predicted water volume; (b) model residuals
(measurement errors) vs. predicted water volume; (c) observed vs. predicted water yield; (d) model residuals
(measurement errors) vs. predicted water yield.
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(a)

(b)

(c)

(d)

Figure B.15. Exponentiated measurement errors from the hierarchical state-space Bayesian mean seasonal
streamflow model for the Susquehanna River Basin: (a) Boxplots of the distribution of ratio of observed to
predicted streamflows by HUC-8 watershed; (b) Boxplots of ratio of the observed to predicted streamflows by
season and year: (c) Boxplots of ratio of the observed to predicted streamflows by station; (d) Boxplots of the log
residuals (measurement errors) by season.
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(a)

(b)

Figure B.16. Diagnostic plots of serial and spatial autocorrelation for the residuals from the calibration of the
hierarchical state-space Bayesian mean seasonal streamflow model with 32 seasonal unit-runoff coefficients for
the Susquehanna River Basin: (a) Boxplot of station distribution of the lag-one serial correlation of the time series
of residuals for the 85 calibration stations; (b) Plot of the Moran’s I measure of spatial autocorrelation by season
and year.
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(a)

(b)

(c)

(d)

Figure B.17. Measures of spatial correlation (Spearman Rho) between monitoring sites in the seasonal values of
the residuals from the hierarchical state-space Bayesian mean seasonal streamflow model with 32 seasonal unitrunoff coefficients for the Susquehanna River Basin by season (85 sites): (a) Correlation of seasonal residuals
among hydrologically connected sites in relation to river distance between sites; (b) Boxplot of correlation metrics
in (a); (c) Correlation of seasonal residuals for all sites in relation to Euclidean distance between sites; (d) Boxplot
of correlation metrics in (c).
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(a)

(b)

Figure B.18. Process-related uncertainties from the hierarchical state-space Bayesian mean seasonal streamflow
model for the Susquehanna River Basin: (a) process uncertainties by year; (b) distribution of the lag-one serial
Pearson-r correlation in the process uncertainties for the 85 calibration stations.
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(a)

(b)

(c)

(d)

Figure B.19. Seasonal and regional parameter values for the hierarchical state-space Bayesian mean seasonal
streamflow model with 32 seasonal unit-runoff coefficients for the Susquehanna River Basin: (a) runoff; (b)
adjusted EVI; (c) urban land; (d) soil permeability. The mean values are shown as points and credible intervals
given for the standard deviation (68%, red) and 95% credible interval (blue); the black horizontal line shows the
Susquehanna Basin mean value and the red horizontal line denotes zero. The credible interval is the stated
percentile (68%, 95%) of the posterior probability distribution for the parameter values.
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(a)

(b)

(c)

(d)

Figure B.20. Boxplots of the ratio of the observed to predicted water volume for the non-state space and statespace hierarchical Bayesian mean seasonal streamflow models for the 43 validation sites in the Susquehanna River
Basin: (a) Ratios for the non-state-space model for the 32 seasons; (b) Ratios for the state-space model for the 32
seasons; (c) Ratios for the non-state space model for the 43 validation sites; (d) Ratios for the state-space model
for the 43 validation sites. Upper and lower limits on the axes for displaying the ratio boxplots were selected to
allow inspection of the median and interquartile range; some outliers and whiskers of the boxplots lie beyond the
upper and lower axis limits.
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Figure B.21. Drainage area of the 43 validation sites in the Susquehanna River Basin by HUC-6 watershed.
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(a)

(b)

(c)

(d)

Figure B.22. Water and precipitation yield for incremental reach catchments in the Susquehanna River Basin: (a)
Boxplots of distributions of the SPARROW predictions of water yield for HUC-8 watersheds, based on the statespace Bayesian model; (b) Boxplots of distributions of the precipitation yields for HUC-8 watersheds, based on
PRISM data; (c) Ratio of the runoff to precipitation for SPARROW predictions of water yield and water balance
estimates of runoff (288 reaches have ratios>1.0, with a maximum of 30); (d) Plot of SPARROW and water balance
estimates of the ratio of the runoff to precipitation (6 reaches have SPARROW ratios > 5.0).
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Figure B.23. Boxplots showing annual variability in the seasonal total water volume shares of the Susquehanna
River Basin outflows associated with upstream HUC-8 watersheds, based on predictions from the hierarchical
state-space Bayesian mean seasonal streamflow model.
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(a)

(b)

Figure B.24. Boxplots of the annual variation in seasonal median streamflow in the Susquehanna River Basin,
based on predictions from the hierarchical state-space Bayesian mean seasonal streamflow model: (a) annual
variability in seasonal median streamflow in reaches within HUC-8 watersheds; (b) annual variability in seasonal
median streamflow in reaches within HUC-6 watersheds.

276
Table B.5. Stan model code for the hierarchical Bayesian state-space mean seasonal streamflow model
for the Susquehanna River Basin.
# Initial values for parameters
sparrow.inits <- function (){
list (
"betasrc_time_raw"=array(runif(nday,-1,1),dim=nday),
"mean_src_time"=runif(1,srcmininit,srcmaxinit),
"sigma_src_time"=runif(1,0.2,srcmaxinithalf),
"betadlv_h_raw"=matrix(runif(ndlvgroups*jjdlv_h,1,1),nrow=ndlvgroups,ncol=jjdlv_h),
"mean_dlv"=array(runif(jjdlv_h,dlvmininit,dlvmaxinit),dim=jjdlv_h),
"sigma_dlv"=array(runif(jjdlv_h,0.001,dlvmaxinit),dim=jjdlv_h),
"betasigma_nh"=runif(1,sigmamininit,sigmamaxinit),
muitime=array(runif(mobs,-0.5,0.5),dim=mobs),sigma_tau_time=runif(1,0.1,0.5)
)
}
sparrow_code <- '
data {
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>
int<lower=0>

ntot;
mobs;
nday;
month[nday];
nseas;
numsites;
bcols;
nreach;
jjsrc;
jjsrc_h;
jjsrc_time;
jjsrc_cn;
jjdlv;
jjdlv_h;
jjdlv_nh;
jjdec;
jjdec_h;
jjdec_nh;
jjres;
jjres_h;
jjres_nh;
jjsigma;
jjsigma_h;
jjsigma_nh;
nnode;
ifadjust;

//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//
//

number of reaches * days
number of site flow observations
number of time steps
seasonal indices
number of site flow observation per season
number of sites
number of parameters
number of reaches
number of sources
number of hierarchical sources
number of hierarchical time sources
number of constant sources
number of delivery variables
number of hierarchical sources
number of non-hierarchical sources
number of stream decay variables
number of hierarchical sources
number of non-hierarchical sources
number of reservoir decay variables
number of hierarchical sources
number of non-hierarchical sources
number of standard deviations
number of hierarchical sources
number of non-hierarchical sources
number of nodes
conditional prediction flag (not applicable
for state-space model)
nsrcgroups;
// number hierarchical groups for sources
hregion_src[nreach];
phierarch_src[jjsrc,1];
ndlvgroups;
// number hierarchical groups for delivery
hregion_dlv[nreach];
phierarch_dlv[jjdlv,1];
ndecgroups;
// number hierarchical groups for streams
hregion_dec[nreach];
phierarch_dec[jjdec,1];
nresgroups;
// number hierarchical groups for reservoirs
hregion_res[nreach];
phierarch_res[jjres,1];
nsigmagroups;
// number hierarchical groups for variance
hregion_sigma[nreach];
phierarch_sigma[jjsigma,1];
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real srcmaxhalf;
real srcmin;
real srcmax;
real dlvmin;
real dlvmax;
real decmin;
real decmax;
real resmin;
real resmax;
real sigmamin;
real sigmamax;
real srcmininit;
real srcmaxinit;
real dlvmininit;
real dlvmaxinit;
real decmininit;
real decmaxinit;
real resmininit;
real resmaxinit;
real sigmamininit;
real sigmamaxinit;
int datai[nreach,3];
real sload[mobs];
real datar[nreach,2];
real datarun[nreach,nday];
real datadep[nreach,nday];
real dataevir[nreach,nday];
real datarch[nreach,nday];
real datares[nreach,jjres];
real datadlv[nreach,jjdlv];
real betacon[jjsrc_cn,1];
int staidseq[nreach];
real design[jjdlv,jjsrc];

//
//
//
//
//
//
//

network node data
site load vector
network data (reach fraction)
reach runoff by time step
reach monitored flow values by time step
reach EVI residuals by time step
reach rTOT by time step

// reach delivery variable data
// station sequence number for incremental area
// design matrix

}
parameters {
real betasrc_time_raw[nday];
real<lower=srcmin,upper=srcmax> mean_src_time;
real<lower=0.001,upper=srcmaxhalf> sigma_src_time;
vector[jjdlv_h] betadlv_h_raw[ndlvgroups];
real<lower=dlvmin,upper=dlvmax> mean_dlv[jjdlv_h];
real<lower=0.001,upper=dlvmax> sigma_dlv[jjdlv_h];
real<lower=sigmamin,upper=sigmamax> betasigma_nh;
real<lower=-2,upper=2> muitime[mobs];
real<lower=0.01,upper=1.0> sigma_tau_time;
}
transformed parameters {
real betasrc_time[nday];
vector[jjdlv_h] betadlv_h[ndlvgroups];
for (j in 1:nday) {
betasrc_time[j] <- mean_src_time + sigma_src_time * betasrc_time_raw[j];
}
for (j in 1:jjdlv_h) {
for (k in 1:ndlvgroups) {
betadlv_h[k,j] <- mean_dlv[j] + sigma_dlv[j] * betadlv_h_raw[k,j];
}
}
}
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model {
real ee[mobs];
// model residuals
real ddliv2[jjsrc]; // aggregate source delivery
real ddliv;
real incddsrc;
// incremental load
real carryf;
// transport factor
real rchdcayf;
// reach decay
real resdcayf;
// reservoir decay
real node[nnode];
// load accumulation vector
int fnode;
int tnode;
int ie;
int h;
int nh;
int nc;
real rchld;
real factor;
real betasrc_time_x[nday];
matrix [nsrcgroups,jjsrc] betasrc;
matrix [ndlvgroups,jjdlv] betadlv;
matrix [ndecgroups,jjdec] betadec;
matrix [nresgroups,jjres] betares;
real ee1[2720];
# Priors
for (k in 1:nday) {
betasrc_time_raw[k] ~ normal(0,1);
}
for (k in 1:ndlvgroups) {
betadlv_h_raw[k] ~ normal(0,1);
}
# SOURCES
h <- 0;
nh <- 0;
nc <- 0;
for (j in 1:jjsrc) {
ddliv2[j] <- 1;
for (k in 1:nday) {
betasrc_time_x[k] <- betasrc_time[k];
}
} # End source loop
# DELIVERY
h <- 0;
nh <- 0;
nc <- 0;
for (j in 1:jjdlv) {
if (phierarch_dlv[j,1] == 1) {
h <- h+1;
for (k in 1:ndlvgroups) {
betadlv[k,j] <- betadlv_h[k,h];
}
}
}
# Execute time step
ie <- 0;
for (tstep in 1:nday) {
# Accumulate mass in the reach network, compute and accumulate incremental RCHLD
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for (j in 1:nnode) {
node[j] <- 0.0;
}
# Reach loop start (real arrays most efficiently accessed as row-major)
for (i in 1:nreach) {
#

Fix aquatic decay
rchdcayf <- 1;
resdcayf <- 1;

# setup for land-water delivery factor
for (k in 1:jjsrc) {
ddliv2[k] <- 1;
for (j in 1:jjdlv){
factor <- (betadlv[hregion_dlv[i],j] * datadlv[i,j]) * design[j,k];
if(j == 1) {
factor <- (betadlv[hregion_dlv[i],j] * dataevir[i,tstep]) * design[j,k];
}
ddliv2[k] <- ddliv2[k] * exp(factor);
}
}
# setup for source / land-water delivery factor
ddliv <- 0;
for (j in 1:jjsrc){
ddliv <- ddliv + (ddliv2[j] * datarun[i,tstep]) * betasrc_time_x[tstep] ;
}
# incremental delivered load
incddsrc <- pow(rchdcayf,0.5) * resdcayf * ddliv;
# Compute the reach transport
carryf <- datar[i,2] * rchdcayf * resdcayf;
fnode <- datai[i,1];
tnode <- datai[i,2];
if (staidseq[i] > 0) {
rchld <- (incddsrc * exp(muitime[((tstep-1)*numsites)+staidseq[i]]) ) + carryf
* node[fnode];
} else {
rchld <- incddsrc + carryf * node[fnode];
}
if( datadep[i,tstep] != 0.0 ) {
ie <- ie + 1;
if (rchld > 0) {
ee[ie] <- log(datadep[i,tstep]) - log(rchld);
} else {
ee[ie] <- log(datadep[i,tstep]) - log(1);
}
ee1[ie] <- ee[ie];
if( ifadjust == 1 ) {
rchld <- datadep[i,tstep];
}
}
node[tnode] <- node[tnode] + datai[i,3] * rchld;
} # end reach loop
}
# end time loop
# Set likelihoods
ee1 ~ normal(0,betasigma_nh);
muitime ~ normal(0,sigma_tau_time);
}

# end model statements
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generated quantities {
real ee[mobs];
vector[mobs] log_lik;
{
real ddliv2[jjsrc]; // aggregate source delivery
real ddliv;
real incddsrc;
// incremental load
real carryf;
// transport factor
real rchdcayf;
real resdcayf;
real node[nnode];
// load accumulation vector
int fnode;
int tnode;
int ie;
int h;
int nh;
int nc;
real rchld;
real factor;
real betasrc_time_x[nday];
matrix [nsrcgroups,jjsrc] betasrc;
matrix [ndlvgroups,jjdlv] betadlv;
matrix [ndecgroups,jjdec] betadec;
matrix [nresgroups,jjres] betares;
# SOURCES
h <- 0;
nh <- 0;
nc <- 0;
for (j in 1:jjsrc) {
ddliv2[j] <- 1;
for (k in 1:nday) {
betasrc_time_x[k] <- betasrc_time[k];
}
}

# End source loop

# DELIVERY
h <- 0;
nh <- 0;
nc <- 0;
for (j in 1:jjdlv) {
if (phierarch_dlv[j,1] == 1) {
h <- h+1;
for (k in 1:ndlvgroups) {
betadlv[k,j] <- betadlv_h[k,h];
}
}
}
# Execute time step
ie <- 0;
for (tstep in 1:nday) {
# Accumulate mass for the reach network, compute and accumulate incremental RCHLD
for (j in 1:nnode) {
node[j] <- 0.0;
}
# Reach loop start (real arrays most efficiently accessed as row-major)
for (i in 1:nreach) {
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#

Fix aquatic decay
rchdcayf <- 1;
resdcayf <- 1;

# setup for land-water delivery factor
for (k in 1:jjsrc) {
ddliv2[k] <- 1;
for (j in 1:jjdlv){
factor <- (betadlv[hregion_dlv[i],j] * datadlv[i,j]) * design[j,k];
if(j == 1) {
factor <- (betadlv[hregion_dlv[i],j] * dataevir[i,tstep]) * design[j,k];
}
ddliv2[k] <- ddliv2[k] * exp(factor);
}
}
# setup for source / land-water delivery factor
ddliv <- 0;
for (j in 1:jjsrc){
ddliv <- ddliv + (ddliv2[j] * datarun[i,tstep]) * betasrc_time_x[tstep] ;
}
# incremental delivered load
incddsrc <- pow(rchdcayf,0.5) * resdcayf * ddliv;
# Compute the reach transport
carryf <- datar[i,2] * rchdcayf * resdcayf;
fnode <- datai[i,1];
tnode <- datai[i,2];
if (staidseq[i] > 0) {
rchld <- (incddsrc * exp(muitime[((tstep-1)*numsites)+staidseq[i]]) ) + carryf
* node[fnode];
} else {
rchld <- incddsrc + carryf * node[fnode];
}
if( datadep[i,tstep] != 0.0 ) {
ie <- ie + 1;
if (rchld > 0) {
ee[ie] <- log(datadep[i,tstep]) - log(rchld);
} else {
ee[ie] <- log(datadep[i,tstep]) - log(1);
}
if( ifadjust == 1 ) {
rchld <- datadep[i,tstep];
}
}
node[tnode] <- node[tnode] + datai[i,3] * rchld;
} # end reach loop
}
# end time loop
# log likelihood for computing WAIC
for (j in 1:mobs){
log_lik[j] <- normal_log(ee[j], 0, betasigma_nh);
}
} // end block marker
} // end generated quantities statements
'
# END MODEL CODE

// case for single SD only
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