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E. Ashley Steel
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Climate change is altering temperature and precipitation regimes across the globe, resulting in
often extreme modifications to river dynamics. Such impacts are particularly pronounced in
western North America, a region with both water surplus and scarcity and therefore a long history
of water resource challenges. To preserve riverine ecosystems, it is essential to improve our
understanding of fundamental processes governing river dynamics, how river systems have and
continue to change with anthropogenic forcing, and what tools and management actions may best
facilitate conservation. Despite the breadth of studies examining western river hydrology and
temperature, a persistent need remains for fundamental understanding and predictions on a

management-relevant scale and the generation of insights that considers both temporal and spatial



variation simultaneously. My dissertation research answers questions relating to how we describe
and model patterns in riverine ecosystems and consists of a portfolio of projects aimed at
improving our ability to understand fundamental drivers of, and predict and mitigate anthropogenic

induced changes to, river hydrology, temperature, and water source.
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Chapter 1. INTRODUCTION

Flowing waters sustain an immense amount of freshwater, terrestrial, and marine
biodiversity (Strayer and Dudgeon 2010, Maasri et al. 2022), make important contributions to
global biogeochemical cycles (Maavara et al. 2020), and from the earliest recorded history have
formed the backbone of human civilizations (Macklin and Lewin 2019, Paine 2019). Modern
civilizations rely on stream and river ecosystems to meet drinking water, irrigation, hydropower,
and food needs by storing, moving, and modifying water in complex ways. Due to human
dependence on rivers, widespread development and degradation of these systems has occurred.
Flowing waters are particularly sensitive to anthropogenic disturbance, as rivers integrate across
their catchments, resulting in upstream processes impacting downstream points. These
catchment-river linkages can concentrate and compound disturbances that occur throughout a
watershed. Threats to aquatic ecosystems include hydrological alteration due to dams, diversion,
and abstraction of water, habitat modification due to land-use conversion, and chemical and
nutrient pollution (Dudgeon et al. 2006, Holtgrieve et al. 2011, Ruhi et al. 2018b, Grill et al.
2019, Flitcroft et al. 2019). Over the past century, the ubiquitous threat of anthropogenic induced
climate change has emerged, adding new stressors and compounding existing ones (Vorosmarty
et al. 2010). To preserve riverine ecosystems while supporting societal needs, it is therefore
essential to improve our understanding of 1) fundamental processes governing river dynamics, 2)
how river systems have and continue to change with anthropogenic forcing, and 3) what tools
and management actions may best facilitate conservation.

Anthropogenic climate change is altering temperature and precipitation regimes across

the globe, resulting in often extreme modifications to river dynamics (Thompson et al. 2021).
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Such impacts are particularly pronounced in western North America, a region with both water
surplus and scarcity and therefore a long history of water resource challenges (Dettinger et al.
2015). In western North America, global climate change has resulted in increasing temperatures,
decreased mountain snowpack, and sharpened seasonal cycle of precipitation with more intense
precipitation over a shorter time period (Whitfield and Cannon 2000, Barnett et al. 2008, Cayan
et al. 2008, Mote and Salathé 2010, Hagos et al. 2016, Swain et al. 2018). River hydrology
within the region is particularly sensitive to changes in climate due to strong seasonality in
precipitation and dependence on mountain snowpack to sustain warm season stream flow
(Stewart et al. 2005, Elsner et al. 2010, Safeeq et al. 2016, Dierauer et al. 2018). A changing
climate affects the timing and balance of precipitation falling as rain and snow, and therefore the
timing, magnitude, source, and temperature of streamflow over the course of the year (Knowles
et al. 2006, van Vliet et al. 2013).

Anticipated shifts have implications for ecologically and economically relevant facets of
discharge, water temperature, and water source. Shifts in discharge will likely strain human
water resource systems, where the seasonal asynchrony between winter precipitation and runoff
and summer water demand (i.e., the combination of atmospheric demands, ecological
requirements, and consumptive use) already makes water supplies scarce and vulnerable (Barnett
et al. 2005, Jaeger et al. 2017). Aquatic and riparian species that are highly adapted to the signals
of seasonal flooding and drought disturbances (Gasith and Resh 1999, Bonada et al. 2007) and
water temperature regimes (Mantua et al. 2010) may have difficulty adapting to the changes in
the timing or intensity of these signals. Thermal and hydrologic conditions outside the tolerance
of species, such as warm water temperatures and low summer baseflows, are expect to prove

challenging for species such as Pacific salmon (Mantua et al. 2010, Steel et al. 2019). As changes
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will not be uniform across rivers, there is an urgent challenge and opportunity to identify how
climate and catchment parameters influence individual river response.

To understand biodiversity and sustainability of river ecosystems, it is essential to
appreciate the central organizing role of a dynamic physical environment (Poff et al. 1997).
Temperature and hydrologic regimes are fundamental properties of rivers that drive both
physical and ecological processes. Modifications to these regimes are widespread, threatening
ecosystem function and structure. A critical challenge for resource managers seeking to prioritize
restoration or research actions is in identifying overall river sensitivity to climate change. To do
so, we need to simultaneously consider multiple key physical properties, including hydrology,
temperature, and water source regimes. Seasonal flow regimes, or the characteristic pattern of
flow variation, support river processes such as disturbance regimes, habitat provisions, and
native species life history cues; long-term patterns of flow variability have historically selected
for organismal life histories related to growth, reproduction, and dispersal (Ward and Stanford
1979, Beacham & Murray 1990, Poff et al. 1997). Stream temperature regime controls the rates
of many biological, chemical, and physical processes in flowing waters and is a key driver of
ecological processes controlling population and community structure in aquatic ecosystems.
Both temperature and hydrology are profoundly impacted by water source (e.g., surface runoft,
groundwater, etc.). Understanding spatial and temporal dynamics of where water originates in a
basin informs mechanisms of runoff generation and aids in predictions of where and how
streamflow and temperature patterns are likely to shift. Despite the breadth of studies examining
wester river hydrology and temperature, a persistent need remains for fundamental understanding
and predictions on a management-relevant scale that incorporate both temporal and spatial

variation simultaneously. Furthermore, basin morphological characteristics are the local-scale
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lens through which climatic changes will be filtered and translated into streamflow. It is
therefore essential to improve understanding of how local processes interact with climate to
generate streamflow.

My dissertation research answers questions relating to how we describe and model
patterns in riverine ecosystems. This research consists of a portfolio of projects aimed at
improving our ability to understand fundamental drivers of, and predict and mitigate
anthropogenic induced changes to, river hydrology, temperature, and water source. Specifically,
[ aim to:

1. Compare basin-specific patterns of surface water isotope ratios (2H:1H & 180:160)
to explore the utility of using stable isotopes for estimating river water source within
the Pacific Northwest.

2. Characterize spatial and temporal surface water isotope variation within a Pacific
Northwest river basin to understand the vulnerability of river flow to source water
dynamics across space and time.

3. Map the magnitude and extent of historical changes to streamflow across western
North America and resolve the relative influence of local-scale morphological and
regional-scale climactic processes in governing streamflow and patterns of change.

4. Understand patterns and drivers of clustering of annual air-water temperature
correlations to articulate when and how this type of monitoring can provide insight on

stream sensitivities to climate and other drivers of change.
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Chapter 2. ELEVATION AND SPATTIAL STRUCTURE EXPLAIN
MOST SURFACE-WATER ISOTOPIC
VARIATION ACROSS FIVE PACIFIC COAST
BASINS

A version of this paper is published as McGill, L.M., Steel, E.A., Brooks, J.R., Edwards, R.T.,
Fullerton, A.H. 2020. Elevation and spatial structure explain most surface-water isotopic

variation across five Pacific coast basins, Journal of Hydrology. DOI:
10.1016/j.jhydrol.2020.124610

2.1 ABSTRACT

The stable isotope ratios of stream water can be used to trace water sources within river basins;
however, drivers of variation in water isotopic spatial patterns across basins must be understood
before ecologically relevant and isotopically distinct water sources can be identified and this tool
efficiently applied. We measured the isotope ratios of surface-water samples collected during
summer low-flow across five basins in Washington and southeast Alaska (Snoqualmie, Green,
Wenatchee, and Skagit Rivers, and Cowee Creek) and compared models (isoscapes) describing
the spatial variation in surface-water isotope ratios across a range of hydraulic and climatic
conditions. We found strong correlations between mean catchment elevation and surface-water
isotopic ratios on the windward west side of the Cascades and in Alaska, explaining 48-90% of
variation in 6180 values. Conversely, in the Wenatchee basin, located leeward east of the Cascade
Range, mean catchment elevation alone had no predicative power. The elevation relationship, and
predictive isoscapes varied between basins, even those adjacent to each other. Applying spatial
stream network models (SSNMs) to two of our study basins, the Snoqualmie and Wenatchee
Rivers, we found incorporating Euclidean and flow-connected spatial autocovariance improved

explanatory power. SSNMs improved the accuracy of river water isoscapes in all cases; however,
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their utility was greater for the Wenatchee basin, where covariates explained only a small
proportion of total variation. Our study provides insights into why basin-scale surface-water
isoscapes may vary even in adjacent basins and the importance of incorporating spatial
autocorrelation in isoscapes. For determining source water contributions to downstream waters,

our results indicate that surface water isoscapes should be developed for each basin of interest.

2.2 INTRODUCTION

Isoscapes are a framework that describe the spatial patterns in isotopic ratios across a
landscape and are useful for addressing a variety of basic and applied research questions (West
2010, Bowen and Good 2015). Stable isotopes of oxygen and hydrogen can be harnessed to
determine source-water contributions to streamflow on a range of spatial and temporal scales
(Rock and Mayer 2007, Wang et al. 2009, Koeniger et al. 2009, Mountain et al. 2015), estimate
mean transit times (McGuire et al. 2005 p. 2, McGuire and McDonnell 2006, Jasechko et al.
2016), delineate animal migration paths (Chamberlain et al. 1997, Hobson and Wassenaar 1997),
and understand hydrologic flow paths (Rodgers et al. 2005, Singh et al. 2016, Nickolas et al.
2017). Despite the widespread use of water isotope ratios in research and their potential
application for predicting future flows under a changing climate or identifying likely areas of
cool water for fisheries management, few studies have compared drivers of variation in isotopic
ratios at the basin scale or across basins.

The generation of accurate isoscapes is possible in part because water stable isotope
ratios exhibit systematic spatial and temporal variation resulting from the process of isotope
fractionation that accompanies water cycle phase changes and diffusion. Isotope fractionation is
the primary force acting to produce variations in §'%0 and ’H values (both spatially and

temporally) in water sources across the globe (Gat 1996, Araguas-Araguas et al. 2000). An
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example of this process is the Rayleigh rainout effect, wherein progressive isotopic depletion of
a vapor cloud occurs as it moves along its storm trajectory. Rayleigh rainout occurs because
heavy isotopes preferentially fall as precipitation (Dansgaard 1964, Clark and Fritz 1997). As a
result, both precipitation and surface water isotopic ratios of '80 and 8°H are highly correlated
with changes in elevation, latitude, and longitude (Yonge et al. 1989, Ingraham and Taylor 1991,
Dutton et al. 2005, Lechler and Niemi 2011), although the strength and presence of these
relationships can vary among river basins due to local processes such as evaporation (Bowen and
Good 2015).

Although broad-scale patterns in water isotopic ratios are well documented, when
generating isoscapes for use in water resource management, basin-scale factors that may affect
isotope distributions must be incorporated. Previous studies have shown consistent relationships
between elevation and surface water stable isotopes at the basin scale (Biggs et al. 2015, Peng et
al. 2015, Vespasiano et al. 2015, Fan et al. 2016). When the elevation-isotope relationship is
clear and consistent, water isoscapes can be a valuable tool for assessing the proportion of water
that comes from high elevation, climate sensitive snowmelt that is often critical for sustaining
summer baseflow in mountainous regions (Barnett et al. 2005, Brooks et al. 2012). However,
within certain regions, the elevation-isotope relationship is weak, absent, or inverse (Wassenaar
et al. 2009, Lechler and Niemi 2011, Bershaw et al. 2012), suggesting that local atmospheric or
hydrologic mechanisms are overriding the elevation effect within these regions. Basins in close
geographic proximity can have fundamentally different relationships between surface water
isotope ratios and elevation (Brooks et al. 2012, Nickolas et al. 2017). Therefore, cross-basin

analyses are needed to describe the variation in the landscape covariates that are highly
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correlated with surface water isotope ratios in order to identify where and how isotopic variation
can be leveraged to identify distinct water sources within a river basin.

Previous studies have predominately generated water isoscapes in two-dimensional
space. Such models may be appropriate for terrestrial, oceanic, or atmospheric systems such as
precipitation over the continental United States or the surface of the Atlantic Ocean (Vachon et
al. 2010, McMahon et al. 2013). The movement of stream surface water, however, is constrained
by the topology of the dendritic stream network, which strongly affects the distribution of
surface water stable isotopes that are conserved as water moves downstream(Clark and Fritz
1997). To date, isoscapes of stream networks have largely relied on interpolation using
Euclidean distance (the straight-line distance between two sites) and have been restricted to
predicting inputs from the local catchment(Brooks et al. 2012, Katsuyama et al. 2015). Although
Bowen et al. (2011) modeled continuous river water isotope values by accumulating elevation-
explicit, gridded precipitation isotope maps downstream and correcting them with model
residuals, no explicit statistical method was used to partition the effects of downstream transport
versus landscape predictors such as geology. Given that typical models do not account for the
branching structure of stream networks, longitudinal connectivity, or flow direction, they may be
inappropriate for use on river networks.

Ver Hoef and Peterson (2010) developed a class of geostatistical models, spatial stream
network models (SSNMs), which account for spatial dependencies across stream networks.
SSNMs are similar to conventional linear mixed models in that the deterministic mean of the
dependent variable is modeled as a linear function of explanatory variables. However, the
assumption of independent errors is relaxed and an atuocovariance model is used to account for

spatial autocorrelation in the errors (Ver Hoef et al. 2006, Peterson and Ver Hoef 2010, Ver Hoef
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and Peterson 2010). The autocovariance model can be specified using any combination of tail-
up, tail-down, or Euclidean autocovariance functions. Tail-up and tail-down functions use
hydrologic rather than Euclidean distance, and, in the tail-up model, spatial autocorrelation is
restricted to flow-connected locations (i.e., water flows from an upstream location to a
downstream location). SSNMs have been applied to answer a broad suite of questions, in each
case improving model fit by explicitly modeling spatial autocorrelation in the data (Isaak et al.
2014, Brennan et al. 2016, Filipe et al. 2017). Application of these models to water isotopes
might provide information on the relative influence of environmental versus spatial processes on
isotope distribution, improve estimation of the covariates-isotope relationship absent
confounding spatial autocorrelation, and generate more robust predictions of isotope values at
unmeasured sites.

In this study, we compare the spatial patterns of surface water isotopes across five basins
within Washington and Southeastern Alaska to quantify and compare local controls on isotopic
variability of surface water and to explore the utility of applying simple elevation regressions
models for estimating water source across river basins. We also compare the performance of
models with and without network-based spatial autocorrelation. Specifically, the objectives of
our study are (1) to compare the strength with which isotope ratios vary by mean watershed
elevation (MWE) across five river basins, (2) to assess and compare whether additional
landscape predictors improve models of isotope ratios across basins, and (3) to explore where

SNNMs might be used to improve river water isoscape generation.
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2.3  METHODS

2.3.1 Study Sites

We selected five climatically and geographically distinct watersheds across Washington and
Alaska (Figure 2.1). The Washington river basins (Snoqualmie, Skagit, Green, and Wenatchee)
are within the Cascade Range with the Wenatchee River draining to the east (leeward), and the
other three rivers draining to the west (windward). Western Washington has a Mediterranean
climate with dry summers and wet, mild winters influenced by its proximity to the Pacific
Ocean. Eastern Washington has a Continental climate with warmer summers, colder winters, and
comparatively less precipitation (Mote and Salathé 2010). The Alaska river basin, Cowee Creek,
has a Temperate Rain Forest climate characteristic of higher latitudes with cold, wet winters and
cool, wet summers. Precipitation in all regions occurs predominately from October to March and
falls as snow or rain, depending on latitude, elevation, and proximity to the Pacific Ocean.
Precipitation within all basins originates from vapor coming from the Pacific Ocean. Average
climate and physical characteristics for each basin are displayed in Table 2.1.

The Snoqualmie River begins as three distinct forks in the Mt. Baker-Snoqualmie National
Forest and drains 1,793 km? on the west side of the Cascade Range, Washington. The three forks
originate in forested public land before converging and flowing through a mix of agricultural,
residential, and commercial land use. On one major tributary, the Tolt River, a dam and a large
reservoir exist that provide drinking water for the City of Seattle.

The Green River drains a 1,185 km? watershed on the west side of the Cascade Range,
Washington. During the 19% and 20" centuries there was extensive railroad and logging activity

in the upper Green River valley; however, it has now become a gated water supply for the city of
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Tacoma via damming of the river at the Howard Hansen Dam. The lower portion of the river
flows through downtown Seattle and is heavily modified and urbanized.

The Skagit River drains 8,163 km? of the western Cascade Range before emptying into Puget
Sound. It originates from headwaters in southwestern British Columbia and flows southwest
before meeting up with the Sauk River, which flows northwest and drains the North Cascades.
Five major hydropower projects are present on the Upper Skagit its tributaries. The river
experiences year-round glacial influence from numerous mountains, including Mount Baker and
Glacier Peak, both of which exceed 3,200 m.

The Wenatchee River drains 3,440 km? of the eastern Cascades before flowing into the
Columbia River. Land use is similar to that of other basins, wherein the headwaters originate in
forested public lands before flowing through a mix of agricultural, residential, and commercial
land use. As described above, the climate on the east side of the Cascades is drier than that of the
west side; however, the prevailing westerly winds, which cross the Cascades, create temperature
and precipitation patterns that vary widely across the Wenatchee basin. For example, annual
precipitation on the crest of the mountains averages over 2,900 mm, the majority of which falls
as snow, while eastward and at only 780 meters, the city of Wenatchee averages less than 235
mm of annual precipitation.

Cowee Creek drains 118 km? of the United States Forest Service Héen Latinee Experimental
Forest located in the Tongass National Forest, Alaska. The watershed is approximately 15%
glaciated and experiences substantial influence from three alpine glaciers (18.2-km?) and
extensive perennial snowfields. The glaciers are rapidly diminishing and loss of the cool summer
discharge from glacial melt is a concern in fish habitat management. Cowee Creek is

characteristic of the thousands of moderately sized watersheds that drain the Coast Mountains of
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Alaska and British Columbia, and encompasses perennial snowfields, alpine meadows, spruce-

hemlock forests, and extensive valley-bottom wetlands.

2.3.2  Data collection and processing

We collected between 31-58 spatially distributed water samples within each of our five
basins in Summer 2017 during baseflow (Figure 2.1). Sampling sites within each basin were
selected to include a mix of mainstem and tributary locations and to span the geographic and
elevation range found within each basin. Water samples were collected within wading distance
from the stream edge, but in flowing current. Samples were collected in 20 ml vials with conical
plastic cap inserts to prevent evaporation, and duplicates were collected for every 20th sample.

Watersheds for each sampling point were delineated and landscape variables describing
the watersheds were derived from commonly available geostatistical products (Table 2). We
chose candidate covariates that were known to influence water isotope fractionation in some
basins, e.g., elevation and longitude (Dansgaard 1964, Clark and Fritz 1997), as well as those
that had some mechanistic basis for influencing isotopic ratios, e.g., aquifer and soil permeability
(Tague and Grant 2009, Nickolas et al. 2017). Covariates examined include catchment area,
mean watershed elevation (MWE), latitude, longitude, mean annual precipitation (MAP), mean
annual air temperature (MAT), aquifer permeability, and soil permeability (Table 2.2).

Water isotopes were analyzed on a a Laser Absorption Water-Vapor Isotope
Spectrometer (Model 908-0004, Los Gatos Research, Mountain View, CA) located at the
Integrated Stable Isotope Research Facility at the Western Ecology Division of the
Environmental Protection Agency, Corvallis Oregon. Oxygen and Hydrogen isotope ratios were
reported as delta (8) values and presented in parts per thousand (%o) deviation from the adopted

standard representing mean isotopic composition of the global ocean (Vienna Standard Mean
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Ocean Water). Measurement precision estimates (=1 standard deviation) were determined on
repeated measures of both field and lab duplicates and was 0.12%o for 5'%0 and 0.17%o for 6°H.
Deuterium excess (d-excess = 6°H — 83'30; Dansgaard 1964) is a measure of the evaporative
influence on water isotopes. The global meteoric water line (GMWL) has a d-excess value of
10%o, but precipitation events vary around this value. Based on d-excess variance in a 14-year
record of precipitation isotopes collected in Corvallis OR, we considered samples with d-excess
values below 5%o to have been influenced by evaporation since falling as precipitation and

removed those values from our analyses.

233 Data analysis

In all five basins, we first conducted extensive exploratory and mapping analyses to
understand and display the spatial distribution of landscape attributes. We examined maps of and
correlations between landscape attributes to understand the distribution and structure of predictor
variables within and across watersheds. The goal of these exploratory analyses was to understand
underlying collinearity between covariates that might hinder our ability to interpret statistical
models.

In all five basins, we first conducted exploratory and mapping analyses to understand and
display the spatial distribution of landscape covariates (Table 2.2). We examined maps of and
correlations between landscape covariates to understand the distribution of and relationships
between predictor variables within and across watersheds. The goal of these exploratory analyses
was to understand underlying collinearity between covariates that might hinder our ability to

interpret statistical models.
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We then examined relationships between landscape covariates and isotope values using
exploratory single variable analyses and explanatory multiple regression models. As 3'30 and
8?H values are highly correlated (Clark and Fritz 1997), all regression analyses considered only
8'80 values. We used ordinary least squares regression to fit a linear model to each basin
independently; the model explained variation in isotope ratios as a function of a single landscape
characteristic (for the exploratory analyses) or suites of landscape characteristics (for the
explanatory models). For each univariate model, we conducted a t-test to test whether or not the
regression coefficient was statistically different from zero. An alpha level of 0.001 was chosen to
indicate a significant relationship. A conservative cutoff was chosen because of the large
quantity of statistical tests necessary to explore all potential predictors.

To identify the suite of landscape characteristics most closely associated with 3'30
values, we constructed a best fit multiple regression model for each basin. We selected variables
in our final best-fit models using a modified forward stepwise regression where we always
included MWE, if significant in the univariate model, as the first term in the models. Only
predictors significant at the univariate level were additionally considered for inclusion. We did
not include landscape predictors highly correlated with predictors already in the model (pairwise
correlation > 0.8). To constrain the number of statistical tests, total size of each model was
limited to four covariates and only main effects were examined. Covariates were individually
added to the model if they reduced the RMSE more than other potential covariates, were
significant at the univariate level, and increased the overall coefficient of determination (R?). For
each best-fit model, we calculated the squared Pearson correlation coefficient (R?) and the root
mean squared prediction error (RMSPE) using leave one out cross validation (LOOCV). To

quantify variable importance in models with more than one covariate, we calculated the
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independent effect of each covariate by comparing the fit of all models containing a particular
covariate to the fit of all nested models lacking that covariate, through the process of hierarchical
partitioning (Murray and Conner 2009, Walsh and Mac Nally 2013). The resulting independent
effect weights represent the average contribution of each covariate to the variance in §'%0 values
over all possible models and are an estimate of the proportion of variance in §'%0 values
explained by each covariate.

In the Snoqualmie and Wenatchee basins, we further modeled the spatial relationship of
8'80 values using semivariograms and SSNMs. We chose to test the use of spatial tools in the
Snoqualmie and Wenatchee as these basins are similar in size and network configuration, but
differ in the amount of isotopic variation explained by covariates. Semivariograms depict how
the semivariance, or average variation between measurement values separated by some distance,
changes in relation to the distance separating them. Semivariograms are useful for visualizing
patterns of spatial autocorrelation in the measured data and model residuals. Low semivariance
values indicate that sample pairs within some distance are similar, whereas high values indicate
dissimilar sample pairs. If positive autocorrelation occurs within a data set, the semivariance
values are smallest at short distance lags and increase with distance. We displayed and compared
two measures of distance between points: flow-connected distance (a network-based measure)
and Euclidean distance (a straight-line measure). Semivariograms of the network-based distance
consider only the topological distance between sites and illustrate how relationships between
sites change when flow-connectedness is taken into account. Semivariograms of Euclidean
distance reveal interactions or lateral connectivity between the stream network and the
landscape. Semivariance was calculated using the robust estimator (Cressie 1993). We estimated

the semivariogram at lag distances whose bins contained >10 site-pairs and that were less than
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half the maximum flow-connected distance between sites (Zimmerman and Ver Hoef 2017). We
examined semivariograms to visualize dependencies in both raw 8'30 values and residuals from
the best-fit linear models and SSNMs. Semivariograms were compared to one another to identify
scales of spatial autocorrelation (McGuire et al. 2014, Brennan et al. 2016).

The SSNMs described in Ver Hoef and Peterson (2010) extend the standard linear model
as:

Y =XB+ zrp + Zry + Zgyc + € (2.1)
where Y is a vector of the response (i.e. isotope ratios), X is a matrix of predictors (i.e. covariates
from Table 2.2), B is a vector of estimated coefficients, ztp, zru, and zruc are the tail-down, tail-
up, and Euclidean autocovariance models, and ¢ is a vector of independent normally distributed
random errors. We followed a two-step procedure in fitting the SSNMs (Peterson and Ver Hoef
2010). First, we selected fixed effects while maintaining a constant spatial component consisting
of exponential tail-up and exponential Euclidean spatial autocovariance functions. Fixed effects
in our final SSNMs were selected independently of the linear model approach, but were selected
according to the same process described above for best-fit linear models. Second, we used
Akaike Information Criterion (AIC) to select a covariance structure while maintaining the fixed
effect(s) selected in the first step. We considered models having four possible spatial
components: an exponential tail-up and Euclidean covariance structure, an exponential
covariance structure alone, an exponential tail-up covariance structure alone, and a nugget-only
model (i.e. assuming no spatial autocorrelation). We examined the predictive accuracy using
LOOCYV, and calculated the R?, AIC, and RMSPE. We also decomposed the variation explained
in each model into the proportion explained by the predictors and by the covariance structure in

order to examine how each component contributed to model fit. Although the SSNM framework
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can include a mixture of autocovariance models based on tail-up, tail-down (i.e., based on
network distance of flow-unconnected sites), and Euclidean distance, we chose to consider only
tail-up and Euclidean (Steel et al. 2016, 2019). We elected to do this as isotopes move in a
downstream direction and we had no reason to believe that any explanatory power achieved by
using a tail-down covariance structure would reflect the underlying mechanism. All data
analyses were conducted in R (http://cran.r-project.org) using the Spatial Stream Network (SSN)
package (Ver Hoef et al. 2014) and Spatial Tools for the Analysis of River Systems (STARS)

toolbox in ArcGIS 10.6 (Peterson and Ver Hoef 2014).

2.4  RESULTS
2.4.1 General description and relationship with MWE

The measured 5'%0 and 8*H values in stream water samples ranged from -16.50 %o to -
9.37 %o (mean = -12.85 %o) and from -119.93 %o to -66.33 %o (mean = -92.42 %o) respectively. In
general, the highest values were found in the Snoqualmie and Green Rivers and the lowest values
in the Wenatchee River. Only three samples in our analysis had d-excess values less than 5%o.
All of these samples were collected in the Snoqualmie basin from streams that drained small,
stagnant ponds and were removed from further analyses. After their removal, the measured d-
excess values in stream water samples ranged from 5.01 %o to 15.43 %o (mean = 10.28 %o).

The regression models between MWE and isotopic signature displayed an inverse
relationship for all basins except the Wenatchee River, which displayed no relationship (Figure
2.2). The 3'"®*0-MWE slopes for the regression models using both mainstem and tributary sites
were -2.5 £ 0.13 %o km™' (R? =0.90) for the Snoqualmie River, -2.2 + 0.20 %o km™' (R? =0.82) for

the Green River, -4.4 + 0.66 %o km™' (R? =0.49) for the Skagit River, and -1.7 £ 0.28 %o km™' (R?
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=0.48) for Cowee Creek. For the Wenatchee River, the R? value was 0.05 and the §'*0-MWE
slope was -0.4 + 0.41 %o km™'. In four basins, tributaries and mainstem samples fall together on
the same regression, but in the Skagit River, mainstem samples have lower isotopic values for a

given MWE than smaller tributaries.

2.4.2 Landscape covariates

The structure of landscape covariates differed dramatically across basins and impacted
our ability to model 5'®0 values as a function of landscape covariates (Figure 2.3). In the
Snoqualmie and the Green basins, most landscape predictors were highly correlated with one
another. For example, in the Snoqualmie basin, MWE had a correlation coefficient greater than
or equal to 0.75 with all landscape predictors except area and latitude. Similarly, in the Green
basin MWE had a correlation coefficient greater or equal to 0.69 with all landscape predictors
except area. In the Skagit, Wenatchee and Cowee basins, correlation among landscape
predictors existed, but was less extreme. In the Skagit basin, no correlation among predictors
exceeded 0.75, with the exception of MAT and MWE, which were almost perfectly correlated (-
0.98). Additionally, the Skagit is the only basin in which MAP and MWE were negatively
correlated (Figure 2.3). The Wenatchee basin displayed the lowest average correlation among
landscape predictors. Only longitude was moderately correlated (greater than 0.40) with all
landscape covariates except soil and aquifer permeability. In Cowee basin, there was a tight
coupling among MWE, MAP, and MAT where all correlations exceeded 0.92; however, beyond

these relationships no correlation exceeded 0.55.
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243 Univariate and best fit linear models

The direction and magnitude of relationships between 6'*0 and §°H values and landscape
covariates varied across basins (Figure 2.3). For example, in the Snoqualmie and Green basins,
8'80 and &%H values were highly negatively correlated with mean annual precipitation (MAP) (-
0.85, -0.69 for 5'%0 and -0.80, -0.72 for §°H), while in the Skagit, Wenatchee and Cowee basins
this relationship was reversed (0.86, 0.44, 0.76 for §'%0 and 0.87, 0.67, 0.66 for 5°H). We note
again that the high collinearly of landscape predictors within basins made it difficult to parse
apart some effects.

Best-fit models for all basins included MWE but displayed clear differences in both level
of complexity and predictive accuracy. In the Snoqualmie, Green and Cowee basins, best-fit
models included only MWE (Table 2.3). Calculated R? values were 0.90 for the Snoqualmie,
0.82 for the Green, and 0.48 for Cowee. The RMSPE for these models was 0.26, 0.36 and 0.42
%o, respectively. In the Skagit and Wenatchee basins, on the other hand, incorporating additional
predictors beyond MWE increased the amount of variance explained in our isotope data.
Additional covariates included in the Skagit model were MAP, area, and aquifer permeability,
while the only additional covariate included in the Wenatchee model was longitude (Table 2.3).
The Skagit River, similar to other west side basins, displayed high predicative accuracy (R?
=0.87; RMSPE=0.41 %0) whereas the Wenatchee River displayed low predictive accuracy
(R?=0.47; RMSPE=0.42 %o). Independent effect weights for the Skagit model shows a relatively
even partitioning of variance among all predictors (Ietev = 21 %, Iprecip = 33 %, larea= 26 %, lperm=
20 %), whereas in the Wenatchee model the majority of variation in §'0 values is explained by

longltude (I]on = 70 %, Ielev: 30 %)
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2.44  Semivariograms and spatial stream network models

The Snoqualmie and Wenatchee basins showed spatial dependencies for raw §'80 values
(Figure 2.4). For the Snoqualmie basin raw 3'30 values, semivariance for Euclidean distance (i.e.
the straight line distance between all sites) increased rapidly and linearly before leveling off
around 35 km. This change in semivariance suggests that sites beyond 35 km apart were
uncorrelated, while sites closer together were more highly correlated with one another.
Semivariance for flow-connected sites (i.e. the network distance between sites that share flow)
for raw 8'®0 values was generally much smaller and increased slowly with distance.
Furthermore, semivariance of raw §'%0 values between flow-connected sites never leveled off,
suggesting the presence of an unmodeled trend such as MWE. Similar patterns of semivariance
were apparent in the Wenatchee basin raw 3'30 values, although overall values and the
difference between the magnitude of Euclidean and flow-connected semivariance were both
smaller. In addition, the semivariance for the Euclidean distance leveled off at around 25 km in
the Wenatchee basin.

We compared model fit and variance decomposition for SSNMs with four distinct
autocovariance models (Table 2.4; Figure 2.5; Figure 2.6). For the Snoqualmie basin, similar to
the best-fit linear model, only MWE was selected as a fixed effect, capturing between 81-90 %
of the variance in 6'0 values (Table 2.4; Figure 2.6). When spatial autocorrelation was
explicitly accounted for by including a covariance structure in the model, the total variance
explained was greater than the non-spatial model; however, between 3-9 % of the variance
previously explained by the covariates was shifted onto the covariance structure (Table 2.4;
Figure 2.6). The SSNM with a tail-up covariance structure outperformed all others and had the

lowest AIC, RMSPE and R2. RMSPE decreased from 0.26 %o in the linear model to 0.16 %,
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similar to analytical precision (0.12 %o), and R? increased from 0.90 in the linear model to 0.96
(Table 2.4). Adding a Euclidean covariance structure did not improve prediction accuracy as
much as the tail-up model.

For the Wenatchee basin, longitude and MWE were again selected as fixed effects,
explaining 45-47 % of the variation in §'0 values, significantly less variation than in the
Snoqualmie models. Spatial autocorrelation explained an additional 14-26 % of the variance not
explained by covariates. Contrary to the Snoqualmie basin, models that included a Euclidean
covariance structure outperformed all others and had the lowest AIC, RMSPE, and R?,
suggesting that network structure was less important in this basin (Table 2.4; Figure 2.6).
Including both tail-up and Euclidean covariance structures improved the R? and RMSPE over the
simple Euclidean model (0.71 vs 0.67 and 0.31 %o vs 0.33 %o, respectively), but resulted in a
nearly identical AIC value (51.67 vs. 51.24, respectively). Although the models are comparable,
we selected the model with both a tail-up and Euclidean covariance structure to move forward
with further analyses.

Semivariograms of spatial and linear model residuals displayed a reduction in
semivariance as compared to the raw data for both basins and distance measures (Figure 2.4).
This reduction suggests that by accounting for spatially structured covariates such as MWE and
longitude, regression models remove some spatial autocorrelation. The decrease in semivariance
between raw data and linear residuals was more pronounced for the Snoqualmie basin, whereas
the decrease in semivariance between linear and spatial residuals was more pronounced for the
Wenatchee basin. For both the Snoqualmie and Wenatchee basins, semivariance of spatial model
residuals is relatively flat. This pattern suggests that accounting for spatial structure through

SSNMs removes the majority of spatial autocorrelation in the §'%0 values.
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2.5 DISCUSSION

2.5.1 MWE gradient

Although we expected MWE to be the main determinant of isotopic variation in surface
water, our analysis revealed differences in surface water MWE-3'%0 slopes between basins
based on basin size, shape and location on the windward and leeward sides of mountains. The
strong elevation gradient observed in western Washington basins and Cowee Creek, all of which
drain windward mountainsides, can be attributed to the rainout effect, or Rayleigh distillation
(Dansgaard 1964, Clark and Fritz 1997). Storms bringing precipitation to western Washington
and coastal Alaskan basins originate from the Pacific Ocean and move eastward. Continued
rainout produces isotopically depleted precipitation at higher elevations, with the most depleted
precipitation found at the crest. Close proximity to the Pacific Ocean exacerbates the rainout
process. As the warm, wet air mass travels up the Cascade and Alaskan Coast Mountains, it
experiences orographic lifting and adiabatic cooling, resulting in increased precipitation and the
observed elevation trends. Similar to most other studies globally, our observed §'*0-MWE
relationship is close to linear over the sampled elevation range for windward basins (Poage and
Chamberlain 2002). The combination of processes dominantly responsible for isotopic
distillation during rainout behaves linearly over much of the world; however, basin specific
processes such as mixing of baseflow sources from differential geologies may contribute to
differences in 8'*0-MWE slopes and proportion of isotopic variation explained by MWE across
basins.

Several studies have found global average isotopic-elevation relationships, or lapse rates
for precipitation, snow, and river water between -2.1 %o km™! and 2.9 %o km'!, except at latitudes

greater than 70° where isotopic lapse rates are higher (Bowen and Wilkinson 2002, Poage and
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Chamberlain 2002, Dutton et al. 2005). In our study the Snoqualmie and Green basin §'50-MWE
slopes fall within this range (-2.5 + 0.13 %o km™! and -2.2 + 0.20 %o km™!, respectively). The
similar §'*0-MWE slopes of the Green and Snoqualmie Rivers are likely due to the close
geographic proximity of the basins and similar orientation with respect to incoming coastal
weather. Additionally, MWE explains most of the variation in isotope ratios for the Snoqualmie
and Green Rivers, indicating that elevation-induced rainout is the greatest control on 5'%0
values. The higher 5'®*0-MWE slope of the Skagit River is surprising, given its close proximity
to the Green and Snoqualmie basins, but this basin has unique attributes discussed in the next
section. Our observed 3'*0-MWE slope for Cowee Creek was lower (-1.7 = 0.28 %o km™") than
windward Washington basins even though MWE was the only significant driver. However,
Cowee basin is small and glaciated and samples were collected over several months. This is
further discussed in the next section. Even though MWE was a strong driver of isotopic variance,
each windward basin responded uniquely, reiterating the importance of basin specific isoscapes.

We did not observe a large §'80-MWE slope in the Wenatchee basin, which is located on
the leeward side of the Cascade Range. For leeward basins, if precipitation results from
continued rainout of air masses as they traverse topographic barriers, then continued Rayleigh
distillation on the leeward slope should produce an inverse relationship with altitude. Although
less prevalent in the literature than windward, orographically induced rainout (Poage and
Chamberlain 2001), inverse or ambiguous §'30-¢elevation relationships have been reported from
leeward slopes in the Sierra Nevadas (Friedman and Smith 1970) and the Canadian Rockies
(Grasby and Lepitzki 2002, Moran et al. 2007) for precipitation isotopes, and from the Oregon
Coast Range for stream water isotopes (Brooks et al. 2012; Nikolas et al. 2017). Potential

reasons for the ambiguous 5'%0-MWE relationship in the Wenatchee basin are threefold. First,
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the amount of precipitation falling in the Wenatchee basin is lower than in west side basins (e.g.
Snoqualmie MAP is 2,435 mm/year and Wenatchee MAP is 1,210 mm/year). Within this drier
climate, local evaporation of surface water could add to the atmospheric vapor or subcloud
evaporation could be influential, which would negate isotope depletion from the rainout effect.
Previous studies have documented this dampened rainout effect (Ingraham and Taylor 1991,
Guan et al. 2009, Wassenaar et al. 2009, Bershaw et al. 2012). However, we did not see the
changes in d-excess expected if subcloud evaporation were significant in the Wenatchee basin.
Second, although the Wenatchee samples show no systematic relationship with MWE alone,
when longitude, which is a proxy for distance inland, and MWE are included together in the
best-fit model, a 5'*0-MWE slope similar to windward basins emerges, although longitude was
still the most important variable within the model. The Wenatchee basin is oriented north to
south and shares a long border with the Cascade crest (Figure 2.1). Consequently, the heaviest
precipitation occurs near the crest. As a vapor cloud moves eastward along the typical storm
trajectory, precipitation becomes more depleted as a result of rainout. Rainout with increasing
distance from the Pacific coast may counteract the less pronounced elevation gradient. Lastly,
turbulent atmospheric mixing of air masses as they are forced up and over the Cascade crest may
contribute to the lack of an observable 8'*0-MWE slope (Moran et al. 2007). More research is

needed into leeward basins to distinguish among these three potential factors.

2.5.2 Other drivers of observed isotope patterns

The Skagit basin was unique among the windward basins in that the best-fit model
included MAP, watershed area, and aquifer permeability as covariates in addition to MWE.
Orientation with respect to storm path alignment and topographic features of each basin likely

drive differences in the strength and slope of river '*O-MWE slopes observed in windward
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basins and resulted in the inclusion of MAP in the Skagit best-fit model (Scheihing et al. 2017).
The Green and Snoqualmie Rivers flow northwest. The Skagit River generally flows west;
however, the largest tributary to the Skagit, the Sauk, flows northwest (Figure 2.1). Due to the
rain-shadowing effects of Mt. Rainier and the Olympic mountains, southwestern Puget Sound
watersheds like the Green and Snoqualmie tend to receive maximum precipitation during
westerly air flow, while watersheds in the northwest Puget Sound like the Skagit tend to receive
maximum precipitation during west-southwesterly air flow (Neiman et al. 2011, Siler et al.
2013). As a result, precipitation and elevation gradients largely align in the Green and
Snoqualmie basins, with the greatest amount of precipitation occurring at high elevations leading
to strong covariation (Figure 2.3). In contrast, the greatest amount of precipitation in the Skagit
basin occurs at mid elevations on the western side of the basin, including in headwaters of the
Sauk and Baker Rivers. East of the mainstem Skagit dams, at some of the highest elevations in
the basin, precipitation amount declines substantially due to a rain shadow effect produced by the
high peaks of the Skagit Crest within the basin. Storms approaching the Skagit basin on a west-
southwesterly track reach the Sauk basin first as they move inland. As they progress along their
trajectory, continued rainout results in progressively more isotopically depleted precipitation.
The influence of complex precipitation patterns in the Skagit basin was reflected in our data.
Samples collected from the Sauk basin were systematically more isotopically enriched than
samples collected from the upper Skagit basin, even at identical elevations. Additionally, in our
best-fit model, MAP was positively related to §'%0 values, indicating that in areas of high MAP
isotope ratios were more enriched. High MAP at mid elevations likely contributes to the high

8'80-MWE slope observed in the Skagit basin.
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Basin attributes not examined within our modeling framework may influence isotope
ratios. Within the Skagit River, mainstem samples displayed the lowest isotope ratios, likely
indicating that the mainstem of the Skagit is fed by higher elevation source water than small
tributaries (Figure 2.2). The negative relationship between watershed area and §'30 values in the
Skagit best-fit model reflects this, indicating that in large watersheds isotope ratios were more
depleted. Glaciation in the Skagit River points to the importance of high elevation glacial and
snowpack melt as a significant source of summer baseflow. Riedel and Larrabee (2016) found
that surface melt from glaciers contributes 6-12% of the Skagit River’s total summer runoff, and
roughly twice that fraction in August and September. This same study also noted that glacial
meltwater is concentrated in the tributaries Thunder Creek, White Chuck River, Suiattle River,
Baker River, and Cascade River. Our Skagit River water samples showed 3'30 values below the
average 5'80-MWE regression line for the outlets of the White Chuck and Suiattle Rivers and
isotope ratios above the average 3'3*0-MWE regression line for the Baker and Cascade River
outlets. We would expect samples to fall below the line if a greater proportion of flow originated
from high-elevation glacial meltwater. The presence of glacial meltwater and snowmelt may
have skewed the high elevation watersheds to lower isotopic ratios and may have contributed to
the high 5'®*0-MWE slope observed in the Skagit basin.

Although the Cowee Creek basin was heavily glaciated, we did not observe the same
pattern of highly depleted mainstem isotope ratios present in the Skagit basin and watershed area
was not included in our best-fit model. This was surprising, as previous studies have found
seasonal patterns in 8'30 at the outflow of Cowee Creek that are consistent with an increase in
the proportion of streamflow derived from §'3%0-depleted snow and glacial melt in higher

elevation watersheds from late May into August (Fellman et al. 2014, 2015). Fellman et al.
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(2015) found an average 3'%0 ratio of -14.5%o at the outflow of Cowee Creek across summer
months (May — August) and 5'30 ratios below -15.0%o through most of August, reflecting the
contribution of glacial meltwater (average 6'%0 = -16.4%o), as the winter snowpack is typically
ablated by early summer. At the lowest site on Cowee Creek in our study, samples collected in
late May already had values (-15.5 %o) that were as low as those measured in late August during
Fellman et al. (2015) study. The weak 3'%0-MWE relationship in Cowee Creek could be because
high elevation, glacial sources of water dominated the flow in most tributaries sampled during
our study. Higher resolution temporal sampling of the area is necessary to parse these
mechanisms.

Within the Snoqualmie and Green basins, all water isotopes samples fell upon a similar
MWE gradient, regardless if it was a small tributary, or mainstem samples that aggregate the
entire basin (Figure 2.2). The isotopic composition of river water samples is determined by water
isotopes in precipitation infiltrating into mountain blocks. The subsequent stream water is a
mixture of groundwater baseflows with different transit times. The tight 3'*0-MWE coupling
suggests summer baseflow derives from inputs more evenly dispersed throughout the basin,
potentially because of shallow groundwater influx (i.e., as opposed to deep groundwater
flowpaths or snowmelt sources). The isotopic composition of shallow groundwater does not
deviate significantly from the mean weighted annual composition of precipitation in temperate
climates in areas without seasonal or spatial bias in recharge (Clark and Fritz 1997, Bowen et al.
2011). In the Snoqualmie and Green basins, nearly all precipitation falls within the winter
months, and previous studies have not found significant seasonal differences in precipitation
isotopes ratios in the Pacific Northwestern USA (Brooks et al. 2012). Several studies find similar

patterns for summer baseflow (Yeh et al. 2014, Rautio and Korkka-Niemi 2015, Singh et al.

39



2016). In contrast, Brooks et al (2012) found that the mainstem Willamette River, and outlets of
other large rivers feeding the Willamette had isotopic values that were lower than the predicted
elevation gradient relationship estimated from small watersheds, which we also found in the
Skagit River. They interpreted this difference as a bias towards high elevation water sources
dominating the flow within the river, likely due to deep groundwater flowpaths within the
Oregon High Cascades. This suggests that the Green and Snoqualmie Rivers are much less
dependent on high elevation snowmelt for summer baseflow as compared to the Cascade rivers
in Oregon, and the Skagit River. Future studies should more explicitly consider the geologic
context of each basin in order to understand the interaction between potentially complex ground
and surface water flowpaths.

Dams, reservoirs, and lakes are pervasive across our study basins and have the potential
to alter water storage and transport, thus impacting our interpretation of isotope values below
these structures. In our data, we found small differences when examining isotope ratios above
and below the Howard Hansen Reservoir and Lake Wenatchee. The Howard Hansen Reservoir
on the Green River and the Tolt Reservoir, a similar hydropower structure in the Snoqualmie
River, are operated for flood control in the winter, flow augmentation in the summer, and
provide drinking water year-round. The reservoirs fill in the late winter and spring, potentially
holding back winter precipitation and high elevation snowmelt and releasing it during summer
low flow. However, in our data isotope ratios of water sampled above the Howard Hansen
Reservoir (880 = -11.92%o and d-excess = 10.33) were only slightly more depleted than those
sampled at the outflow (8'%0 = -11.03%o and d-excess = 7.24). Conversely, isotope ratios of

water sampled at the Lake Wenatchee outflow (8'80 = -15.32%o and d-excess = 11.29) were

more depleted than ratios from both the inflowing Little Wenatchee (5'%0 = -14.09%o and d-
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excess = 11.47) and White Rivers (8'3%0 = -14.94%o and d-excess = 10.16), which join together to
form Lake Wenatchee. The isotopic signature of the Lake Wenatchee likely reflects the long-
term average of river water input which may be more depleted than isotope ratios of September
river flows due to a large influx high-elevation snowmelt in Spring. Previous studies have found
muted temporal isotopic variation below artificial impoundments and natural lakes, reflecting
extended retention times and elevated river water mixing (Kendall and Coplen 2001, Wassenaar
etal. 2011, Trinh et al. 2017). Although the retention time of water within impoundments is an
important consideration when interpreting downstream isotope ratios, our results illustrate that
despite the presence of extensive hydrologic modification within our basins, isotopes can

preserve signals of mainstem source water dynamics.

253 In-stream and landscape processes shape isotope values

Ours is one of the first studies to use a class of geostatistical models, Spatial Stream
Network Models (SSNM), to model stream water isotope ratios (but see Segura et al. 2019). The
SSNM approach also allowed us to model spatial correlation explicitly, taking advantage of the
unique topology of stream networks. Similar to studies of other ecological phenomena (Isaak et
al. 2014, Brennan et al. 2016, Filipe et al. 2017), water isotopic ratios on stream networks
showed substantial autocorrelation and predictive accuracy was improved by spatial models
compared to non-spatial models (Bowen et al. 2011; Table 2.4; Figure 2.5). Inherent covariation
in river basins can hinder statistical efforts to identify mechanistic links between landscape
gradients and features of aquatic ecosystems and result in negative consequences such as inflated
goodness-of-fit metrics and inflated error terms on key coefficients that may undermine model
building (Lucero et al. 2011). Linear regression assumes that each measurement is independent

from others and contains non-redundant information. Therefore, if measurements are spatially
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autocorrelated, standard error estimates will be artificially small, tests of statistical significance
will be too liberal, and estimates of R? will be too large (Dale and Fortin 2009, Isaak et al. 2014).
SSNMs explicitly model spatial autocorrelation and therefore provide better estimates of the
effect of landscape covariates on isotope ratios.

For the Snoqualmie River, incorporating an autocovariance function accounting for the
branching river network structure resulted in modest improvements to model performance. Most
variation in §'80 values was already explained by MWE, which is spatially-structured, resulting
in little residual variation or autocorrelation (Table 2.4; Figure 2.5). However, the best-fit model
did include a tail-up component, illustrating the importance of passive longitudinal transport of
water isotopes along stream networks. The dominance of MWE in the model likely occurs in part
due to the structure of landscape covariates in the Snoqualmie River. Most landscape predictors
known to drive isotope ratios were highly correlated with one another, and the influence on
isotope ratios aligned in the same direction (e.g. MWE and longitude were positively correlated).
In basins such as the Snoqualmie, where covariates covary strongly and the subsequent
relationship between water isotopes and covariates is simple, spatial models only slightly
improve our understanding of river water isoscapes.

In the Wenatchee River, on the other hand, incorporating spatial structure in Euclidean
space dramatically improved model performance. The role of covariates in the Wenatchee
models were limited, with fixed-effects explaining only 47% of variation in non-spatial models
and 45-49% of the variation in spatial models. Approximately two-thirds of the variance in the
best-fit SSNM could be attributed to fixed effects and one-third to spatial structure in the
Wenatchee model residuals (Table 2.4). The strong Euclidean component in the Wenatchee best-

fit model, illustrated by the large proportion of variation explained in Figure 2.6, suggests that
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linear relationships with longitude and MWE were insufficient to describe landscape processes
influencing stream water isotope values (McGuire et al. 2014, Zimmerman and Ver Hoef 2017).
Landscape features affecting isotope ratios could include local geological features associated
with groundwater upwelling, beyond the general descriptor of aquifer permeability. Previous
studies have shown that geologic features, such as porous lava flows, sandstone, and earthflows,
and hillslope characteristics (e.g. slope and roughness) can influence baseflow isotopic
composition (Nicolas et al. 2017, Singh et al. 2016; Segura et al. 2019). Furthermore, in the
Wenatchee basin landscape covariates display little correlation with one another and often align
in opposing directions (e.g. MWE and longitude were negatively correlated). These competing
forces likely work against each other to create a complex isotopic landscape that is difficult to
model using standard linear models. In basins such as the Wenatchee, where the influence of
covariates on isotope signature is weak and covariates display little correlation with one another,
including spatial structure provided insight about the presence of key structuring processes that

were unaccounted for in our covariate selection.

2.54  Study limitations

As in any study, our ability to generalize results and make inferences about other
watersheds is limited by our sampling design, dataset, and the models considered. In this study,
water sample collection locations were limited to areas easily accessed by roads, and collection
of samples across a large portion of the Upper Skagit basin into Canada did not occur. Increased
spatial coverage would improve predictions of drivers of isotope ratios and allow us to consider a
greater number of predictors in our analyses. Additionally, although we considered five basins
across a single sampling season (summer low flow, 2017), only one basin was located on the

leeward side of mountains.
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Although our snapshot in time provides a picture of drivers of the isotope ratios during
baseflow, it does not give insight into temporal variation in drivers of isotope signature. Several
studies have found differences in drivers of isotope patterns across time (Liu et al. 2004, Payn et
al. 2012), and therefore our results should not be generalized to other seasons. It should also be
noted that while sampling of the Washington basins took place over no more than two weeks,
Cowee Creek was sampled over the course of three months due to logistical challenges in
accessing its remote sites by aircraft. Lastly, it is important to recognize that SSNMs are an
extension of linear regression and both methods predict at unsampled locations using smoothed
averages. Therefore, when we generated isoscapes, features not included in our sampling design

(e.g. local point sources of groundwater) were not included.

2.5.5 Management implications

Our study summarizes current knowledge of basin factors driving variability in surface-
water isotope ratios and provides a foundation for future monitoring work as well as for
leveraging the isotopic signature of surface water in river basins and fisheries management. We
observed a strong MWE gradient across all rivers draining windward basins. Furthermore, in the
Snoqualmie and Green basins MWE was highly correlated with other parameters known to drive
isotopic ratios. In these basins, these simple MWE-based relationships permit easy interpretation
of isotope data. Future work could harness the information they contain for river basin
management, such as predicting the contribution of climate sensitive, high-elevation snowmelt to
summer baseflow. Changes to climate and hydrology are expected across the Pacific Northwest.
Climate models predict substantial winter warming, leading to increased precipitation falling as

rain and decreased snowpack, translating to increased winter river runoff and reduced summer
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baseflow discharge (Elsner et al. 2010). Measuring water stable isotopes would be a simple
method for monitoring these changes over time.

Impacts of global change will be heterogeneous both within river basins and across the
region, and understanding how high elevation water contributes to stream discharge across
basins will be a valuable tool (Steel et al. 2019). For example, all basins in this study host
populations of ESA-listed salmonids, which are limited by high summer temperatures and low
flows. Resource managers could easily access and plot covariate data such as MWE, longitude,
and MAP to determine in which basins these covariates are correlated, suggesting an easy to
interpret isotope-MWE relationship. The same simple isotope-MWE relationship could also be
applied to other midlatitude mountain ranges with prevailing westerly winds and a north-south
orientation, such as the Sierra Nevada, the southern Alps, and the southern Andes (Siler et al.
2013).

For Cowee Creek and the Skagit River, interpretation of water isotope monitoring within
the basins becomes more challenging. In the Cowee basin the 5'*0-MWE slope was much lower
than expected. Temporal isotopic variance at the outlet may indicate the dominance of glacial
sources over time, and we sampled over a period of high glacial output. However, additional
sampling over a more condensed time period would be necessary for accurate interpretation. In
the Skagit Basin interpretation of isotopic variation is difficult, as the orographic rainout process
becomes complicated by the complex topography and sampling in the upper basin was limited.
In basins with similar accessibility issues, accurate isoscapes could help in monitoring the
proportion of streamflow derived from glacial and snowmelt and relieve some of the burden of

expensive field campaigns.
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Our results provide guidance for future monitoring or research on stable isotopes in
surface waters. In the basins described above, with expected simple and strong relationships
between MWE and isotope values, fewer samples may be necessary to create customized and
effective models or management tools. In larger basins or in areas where complex local
atmospheric or hydrologic processes occur, greater temporal and spatial sampling may be
necessary in order to partition water sources in ways that are both isotopically distinct and
environmentally relevant.

Our study also provides guidance for understanding the types, advantages, and
disadvantages of methods for stream isoscape generation. We found that in basins where
correlation between covariates and isotope ratios is weak, spatial models can improve predictions
and demonstrate evidence of landscape level patterns not captured by non-spatial models. We
also found that in basins where covariates known to influence isotope signature correlate
strongly with one another and are themselves highly spatially structured, spatial models do little
to improve predictions. The choice to use spatial or non-spatial models should be determined by
data availability and the relevant questions. Our results provide insight as to where the additional

effort to build these models may be a particularly good investment.

2.5.6 Conclusions

In this study we demonstrated that elevation was the dominant predictor of isotope ratios
across five Pacific Northwest basins, but the importance of elevation varied between basins and
depended on geographic location, landscape attribute configuration, and basin size. Elevation
explained a range of the isotopic variation in surface water across the five basins, but the nature
of this relationship (8'*0-MWE slope, other covariates) was different even between adjacent

basins. Incorporating spatial structure though the SSNM framework captured aspects of water
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isotopic variation even in basins where variance explained by covariates was high. Spatial
structure was particularly important to consider in the Wenatchee, our leeward side basin, where
covariates explained the least of the isotopic variation. Our results illustrate that basin-specific
models that include spatial structure improve accuracy of surface-water isoscapes for
understanding hydrologic function, interpreting source contributions downstream, or assisting in

basin management.
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Figure 2.1. Geographic locations of study basins, the Snoqualmie (A), Green (B), Skagit (C),

and Wenatchee (D) Rivers in Washington and Cowee Creek (E) in southwestern Alaska.
Between 31-58 water samples were collected within each basin (nsnoquatime = 58, NGreen = 31,
Nskagit = 38, NWenatchee = 44, Ncowee = 38) and are shown in yellow. Red points indicate a major

dam and blue shading indicates an ice mass.
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Figure 2.2. Regressions of §'80 values with mean watershed elevation for samples collected
during summer low flow for each basin. Lines represent the least squares relationships. Triangle
points are mainstem sites and circle points are tributary sites. Points are colored according to the

mean annual precipitation (MAP) within the upstream watershed.
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Figure 2.3. Correlation matrices for the Snoqualmie, Green, Skagit, and Wenatchee Rivers,
and Cowee Creek. Both isotope metrics and landscape covariates are included. Red indicates a
negative correlation between two variables, and blue indicates a positive correlation. The darker

the color, the stronger the correlation. See Table 2 for a description of covariates.
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Figure 2.4. Semivariograms for raw 6180 values, residual 6180 values from the best-fit
linear models, and residual 8180 values from the best-fit SSNMs for the Snoqualmie and
Wenatchee basins. Circles are proportional to the number of sites used to estimate each bin

value.
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Figure 2.5. Isoscapes from the Snoqualmie best-fit linear model (A), Snoqualmie best-fit
SSNM (B), Wenatchee best-fit linear model (C), and Wenatchee best-fit SSNM (D). Colors
represent predicted 0180 values and the size of each point is inversely proportional to the

prediction standard error.
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Figure 2.6. Variance decomposition into the proportion of variation explained by covariates
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(gray) for each of the SSNMs (categories on the x-axis) in the Snoqualmie and Wenatchee

basins. TU = tail-up; Euc = Euclidean; TU.Euc = tail-up and Euclidean.
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Table 2.1. Climate and physical characteristics for each basin.

Snoqualmie Green Skagit Wenatchee Cowee

Mean Annual 8.16 8.25 6.36 6.15 1.76
Temperature (C°)

Maximum 11.55 11.84 10.68 11.13 5.09

Minimum 1.77 4.04 -0.22 -0.12 -0.38
Mean Annual Mean 2,435 1,810 2,154 1,210 3,568
Precipitation (mm)

Maximum 4,304 2,727 4,948 2,940 4,792

Minimum 1,102 925 711 232 1,792
Elevation (m) Mean 629 580 946 1,087 638

Maximum 1,876 1,500 3,283 2,390 1,791

Minimum 8 5 1 194 1
Basin Size (km?) 1,793 1,185 8,163 3,440 118
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Table 2.2. List of covariates considered for inclusion in each model. Here, “watershed”

indicates the upstream area draining to a sample.

Covariate Abbreviation Description Unit Data Source
Elevation MWE Mean watershed elevation m NED DEM model
Mean Annual Mean watershed 30-year average PRISM Climate Group,
. MAP (1981-2010) annual normal mm EPA StreamCat (Hill et
Precipitation e
precipitation al. 2015)
Mean Average Mean watershed 30-year average PRISM Climate Group,
. 8 MAT (1981-2010) annual mean air Cc° EPA StreamCat (Hill et
Air Temperature
temperature al. 2015)
Area Area Log transformed watershed area  log(km?) NED DEM model
Latitude Lat Latitude of watershed centroid degree
Longitude Lon Longitude of watershed centroid  degree
. . . . e STATSGO, StreamCat
Soil Permeability SoilPerm Mean watershed soil permeability cm/hour (Hill et al. 2015)
Bedrock AdPerm Mean watershed bedrock dimensionless; 1-7 ge?n(c}iiclgy:g);oiﬁs
Permeability 4 permeability based on lithology p g

(Wolock et al. 2004)
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Table 2.3. Best fit linear models from the Snoqualmie, Green, Skagit, Wenatchee, and Cowee

basins. The independent effect weight is the percentage of explained variance by each covariate.

Covariate Independent

Basin - Covariates (. triient (SE)  Effect Weight (%) X RMSPE
Snoqualmic MWE 20.0025 (0.00013) 100 0.90 0.26
Green MWE 20.0022 (0.00020) 100 0.82 0.35
Skagit MWE 20.0018 (0.00051) 21 0.87 0.38

w g
N
Iégrl;fee:bility 0.40(0.14) 20
Wenatchee  Longitude -2.99 (0.44) 70 0.47 0.42
MWE 20.0016 (0.00034) 30
Cowee MWE 20.0017 (0.00028) 100 0.48 0.41

56



Variance component values are the percentage of variance explained by fixed effects (covariates)

Table 2.4. Model fit statistics from SSNMs in the Snoqualmie and Wenatchee basins.

and spatial error. Models in bold were selected as the best fit models.

Variance Component

. Covariate ) . o Spatial
Model Covariate Coefficient (SE) RMSPE AIC R Fixed effects (%) error (%)
Nugget MWE ((_)00(())(())2153) 0.26 25.80 0.90 90 -
(]
g= . -0.0026
T§ Tail-up MWE (0.00015) 0.16 -5.97 0.96 87 9
g Euclid MWE -0.0025 0.23 19.35 0.89 83 6
& (0.00017) ' ' '
Euclid + -0.0026
Tail-up MWE (0.00019) 0.17 -4.18 0.96 81 15
Longitude -2.99 (0.44) 0.42
Nugget 0.0016 ' 61.07 0.47 47 -
MWE (0.00034)
Longitude -3.24 (0.52)
2 Tail-up WE 0.0016 0.37 53.29 0.61 45 16
fﬁ (0.00037)
=
g Longitude -3.22 (0.58)
Euclid 0.0013 0.33 51.24 0.67 42 24
MWE (0.00033)
) Longitude -3.73 (0.62)
Euclid +
Tail-up MWE 0.0015 0.31 51.67 0.71 45 26
(0.00034)
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Chapter 3. SPATIOTEMPORAL DYNAMICS OF WATER SOURCES
IN A MOUNTAIN RIVER BASIN INFERRED
THROUGH A2H AND A180 OF WATER

A version of this paper is published as: McGill, L.M., Brooks, J.R., Steel, E.A. 2021.
Spatiotemporal dynamics of water sources in a mountain river basin inferred through 62H and
0180 of water, Hydrological Processes. DOI: 10.1002/hyp.14063

3.1 ABSTRACT

In mountainous river basins of the Pacific Northwest, climate models predict that winter
warming will result in increased precipitation falling as rain and decreased snowpack. A detailed
understanding of the spatial and temporal dynamics of water sources across river networks will
help illuminate climate change impacts on river flow regimes. Because the stable isotopic
composition of precipitation varies geographically, variation in surface water isotope ratios
indicates the volume-weighted integration of upstream source water. We measured the stable
isotope ratios of surface water samples collected in the Snoqualmie River basin in western
Washington over June and September 2017 and the 2018 water year. We used ordinary least
squares regression and geostatistical Spatial Stream Network models to relate surface water
isotope ratios to mean watershed elevation (MWE) across seasons. Geologic and discharge data
was integrated with water isotopes to create a conceptual model of streamflow generation for the
Snoqualmie River. We found that surface water stable isotope ratios were lowest in the spring
and highest in the dry, Mediterranean summer, but related strongly to MWE throughout the year.
Low isotope ratios in spring reflect the input of snowmelt into high elevation tributaries. High

summer isotope ratios suggest that groundwater is sourced from low elevation areas and
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recharged by winter precipitation. Overall, our results suggest that baseflow in the Snoqualmie
River may be resilient to predicted warming and subsequent changes to snowpack in the Pacific

Northwest.

3.2 INTRODUCTION

Climate change is projected to alter river hydrology across the Pacific Northwest. Within
this region, the majority of precipitation occurs between October and March. Winter hydrology
is therefore governed by the timing and form of precipitation, and summer hydrology is
governed by snowpack melt and groundwater discharge. Seasonal asynchrony between
precipitation largely occurring during winter and summer water demand makes water supplies
scarce and vulnerable (Jaeger et al. 2013). Climate models predict an exacerbation of this
vulnerability (Elsner et al. 2010, Hamlet et al. 2010). Substantial winter warming will lead to
increased precipitation falling as rain, decreased amount and earlier onset of snowmelt, and
increased evapotranspiration (Stewart et al. 2005, Nolin and Daly 2006).

Pacific Northwest rivers with both significant winter rain and spring snowmelt, referred
to as transient basins, are particularly climate sensitive and expected to experience substantial
changes in the timing of runoff and stream flow (Wu et al. 2012, Vano et al. 2015). However, the
impacts of climate induced changes to seasonal streamflow will be mediated by subsurface
drainage processes that translate water inputs into streamflow, such as the capacity for the
landscape to retain and release precipitation as groundwater. Although several studies have
predicted future streamflow based on climate mediated shifts in precipitation and snowpack
regimes, few have highlighted the role of underlying geology in controlling hydrologic responses
to climate change (Tague and Grant 2004, 2009, Mayer and Naman 2011, Safeeq et al. 2013).

Furthermore, much of river management occurs at localized scales, and therefore demands an
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understanding of within basin spatial patterns of climate and geologic influence on streamflow
processes. To identify streamflow vulnerability in a changing climate, approaches that take into
account both climatic and geologic controls on water source are needed.

Previous approaches used to understand and assess climate risk have predominately
relied on large, physically based runoff models coupled with general circulation models or
statistical hydrologic classification schemes based on physical attributes or discharge metrics.
Coupled climate-hydrology models have the benefit of simulating hydrologic processes under
multiple climate scenarios and explicitly forecasting future hydrographs; however, many either
do not explicitly simulate streamflow contributions from deep groundwater or approximate deep
groundwater by extended soil profiles (Vano et al. 2010, Wenger et al. 2010). This can
underestimate or inaccurately characterize groundwater contribution to streamflow and bias
subsequent estimations of streamflow vulnerability (Safeeq et al. 2014). Statistical hydrologic
classification approaches either classify locations according to attributes describing interactions
of climate, geomorphology, and geology (Tague and Grant 2004, Wigington et al. 2013, Safeeq
et al. 2014) or utilize emergent properties of discharge time series (Wolock et al. 2004, Olden et
al. 2012, Reidy Liermann et al. 2012). Limitations of classification include poor data quality (e.g.
soil and bedrock geology), incomplete understanding of hydrologic processes (e.g. groundwater—
surface water connectivity), limited spatial coverage of stream gauges mostly restricted to large,
downstream tributaries, and variable quality and quantity of discharge data available for each
gauge (Kennard et al. 2009, Ruhi et al. 2018 ). Although physically based hydrology models and
hydrologic classification provide a useful framework for expected streamflow behavior and
advance our ability to make predictions in unmonitored catchments, additional tools for

understanding future streamflow will help address uncertainty around these approaches. For
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example, an understanding about spatial and temporal dynamics of where water originates in a
basin will inform mechanisms of runoff generation and aid in predictions of where and how
streamflow patterns are likely to shift.

A number of studies have used spatial variation in stable isotopes of input precipitation
(Bowen et al. 2011) or in surface water across a basin (Brooks et al. 2012, Nickolas et al. 2017)
to draw insights about variation in river water sources throughout the year. Water stable isotope
ratios exhibit systematic spatial and temporal variation resulting from the process of isotope
fractionation that accompanies water cycle phase changes and diffusion (Gat 1996, Araguas-
Araguas et al. 2000). An example of this process is the Rayleigh rainout effect, wherein
progressive isotopic depletion of a vapor cloud occurs as it moves along its storm trajectory.
Rayleigh rainout occurs because heavy isotopes preferentially fall as precipitation (Dansgaard
1964, Clark and Fritz 1997). As a result, both precipitation and surface water isotopic ratios of
oxygen and hydrogen, expressed as 8'%0 and §°H, are highly correlated with changes in
elevation, latitude, and longitude (Ingraham and Taylor 1986, Yonge et al. 1989, Dutton et al.
2005, Lechler and Niemi 2011), although the strength and presence of these relationships can
vary among river basins due to local processes such as evaporation (Bowen and Good 2015).

Previous work has shown that river water isotopes in windward basins draining the
Cascade Range display a strong elevation gradient (Brooks et al. 2012, McGill et al. 2020). Here
we explore how this elevation gradient can be used to understand how various portions of the
watershed contribute to flow seasonally throughout a mid-size river basin and what the
implications of source variation are for river flow dynamics in the future. We aim to understand
potential watershed vulnerability to changes in precipitation type, timing, and location through

understanding how water sources change seasonally and impact water supply across one river
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network. Specifically, our objective was to characterize spatial and temporal isotopic variation
of surface waters within the Snoqualmie River, Washington to understand the vulnerability of
river flow to source water dynamics across space and time. To complete this objective, we (1)
measured and modeled surface isotope ratios across a network of sampling stations throughout
the year, and (2) developed a conceptual framework of streamflow generation to understand how

changing water storage reservoirs (e.g. snow and groundwater) contribute to streamflow.

3.3 METHODS

3.3.1 Study site

The Snoqualmie River drains a 1,813 km? watershed on the west side of the Cascade
Range, Washington (Figure 3.1). Major tributaries to the Snoqualmie River are the North Fork,
Middle Fork, South Fork, Tolt River, and Raging River (Table 3.1). Headwaters lie primarily in
forested public land. After the convergence of the North, Middle, and South Fork Rivers, the
Snoqualmie River flows over Snoqualmie Falls then runs through a wide floodplain dominated
by agricultural, residential, and commercial land use. The Snoqualmie River is home to
ecologically and economically important runs of Coho, Chinook, pink, chum and steelhead
salmon, including Endangered Species Act (ESA) listed Chinook and steelhead salmon. A dam
and reservoir on the Tolt River provide approximately 30% of Seattle’s drinking water.

The Snoqualmie River has a humid Mediterranean climate with dry summers and wet,
mild winters influenced by its proximity to the Pacific Ocean (Figure 3.2). Precipitation occurs
predominately from October to March. Precipitation isotope patterns were inferred from a 15-
year record of precipitation isotopes collected in Corvallis, Oregon from 2003 to 2018 that
represents the only available long-term precipitation stable isotope time series in a location with

a similar climate to the Snoqualmie basin. Precipitation weighted means of weekly precipitation
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isotopes do not show evidence of variation with season (ANOVA P> 0.1), although summer
precipitation values are characterized by the lowest values of d-excess. The coldest month is
typically January, whereas the warmest is July. The Snoqualmie River has a mixed rain-snow
hydrology, with both substantial winter rain and spring snowmelt. The strong elevational
temperature gradient controls the phase of precipitation. Areas of the basin below 300 m receive
winter rain, while seasonal snow accumulates in areas above 900 m (Jefferson 2011).
Intermediate elevations (300-900 m) are occupied by a transient snow zone, where snow falls
and melts more than once per winter (Table 3.1).

Geology of the Snoqualmie River basin includes parts of two major physiographic
provinces: the Puget Lowland and the Middle Cascade Range (Buffington et al. 2003; Figure
3.1). In the lowland portion of the watershed, geology and topography are primarily products of
repeated continental glaciations. Glacial and interglacial deposits underlay the Snoqualmie and
Tolt Valleys (Bethel 2004). In the alpine area, much of the ground surface is directly underlain
by bedrock, and the bedrock units do not contain significant fracture systems (Debose and

Klungland 1964, Nelson 1971, Goldin 1973, 1992, Turney et al. 1995).

3.3.2 Data collection

We collected water samples across 49 sites within the Snoqualmie River basin during
June 2017, September 2017, November 2017, February 2018, May 2018, June 2018, and
September 2018 for a total of 364 samples (Figure 3.1). Sampling dates represent five major
hydrologic periods: fall wet-up (November), winter wet period (February), spring snowmelt
(May), early summer (June), and summer baseflow (September). Sampling sites within the basin
were selected to include a mix of mainstem and tributary locations and to span the elevation

range found within the basin. We also collected biweekly water samples at the outlet of each
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major tributary and the Snoqualmie mainstem for a total of 181 samples (Figure 3.1). Sampling
sites were selected to coincide with a long-term water temperature monitoring program described
in Steel et al. 2016. Seasonal samples were collected to understand basin-scale patterns in isotope
ratios throughout the year whereas biweekly samples were collected to understand fine scale
temporal patterns of source water change within each major tributary. Water samples were
collected within wading distance from the stream edge, but in flowing current. Samples were
collected in 20 ml vials with conical plastic cap inserts to prevent evaporation, and duplicates
were collected for every 201 sample.

Water isotopes analysis was performed on a Laser Absorption Water-Vapor Isotope
Spectrometer (Model 908-0004, Los Gatos Research, Mountain View, CA) located at the
Integrated Stable Isotope Research Facility at the Pacific Ecosystems Systems Division of the
Environmental Protection Agency, Corvallis, Oregon. Samples were run under high precision
analysis mode using a 10 pL syringe for a total of six injections per sample, with the first three
discarded to eliminate memory effects. All §°H and §'80 values were expressed relative to

Vienna-Standard Mean Ocean Water (V-SMOW) using 6 notation:

Rsample

ZH 18 —
6“H or 6*°0 R

-1 (3.1)

standard

Where R is the ratio of 2H to 'H atoms or '%0 to '°O atoms and the standard V-SMOW.
Values were reported in parts per thousand (%o) by multiplying by 1,000. Samples were
calibrated to the VSMOW-SLAP scale using three laboratory standards spanning the range of
sample values and calibrated annually to the IAEA certified standards. In addition, a separate
QC standard was used to independently check the calibration and determine accuracy. Accuracy
was 0.06 £ 0.11 %o for '%0 and 0.1 % 0.27 %o for 8’°H over the sample sets analyzed for this

study. Measurement precision estimates (+ 1 standard deviation) were determined on repeated
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measures of both field and lab duplicates and were 0.11 %o for 3'30 and 0.25 %o for 6*H.
Samples that experienced significant evaporation prior to sample collection (e.g., water
impounded by beaver ponds) may not reflect the spatial pattern of input precipitation and so
were removed from analysis. Based on d-excess variance in Corvallis precipitation isotope data,
we removed 14 samples with d-excess values below 5 %o, all in low gradient rivers sampled in
spring and summer.

Watersheds for each sampling point were delineated and landscape variables describing
the watersheds were derived from commonly available geostatistical products. Watershed area
and mean watershed elevation (MWE), watershed relief, and proportion of area above 900 m
were calculated using the National Elevation Dataset, a 30-meter resolution digital elevation
model (Gesch et al. 2018). Mean watershed 30-year average mean annual precipitation (MAP)
and precipitation weighted mean elevation for the period 1981-2010 were calculated (Hill et al.
2016). Geologic information was collected from the Washington DNR Division of Geology and
Earth Resources (Frizzell et al. 1984, Yount and Gower 1991, Tabor et al. 1993). Detailed
lithology of the Snoqualmie basin was summarized into three major groups, bedrock, glacial, and
recent lithology, based on the classification scheme of Bethel (2004). Precipitation, snow water
equivalent (SWE), and air temperature were collected from four Snowpack Telemetry
(SNOTEL) stations within or extremely close to the Snoqualmie basin (US Department of
Agriculture 2020). We obtained daily annual streamflow data from the U.S. Geologic Survey
(USGS, 2001) and the King County Hydrologic Information Center for 11 sites within the

Snoqualmie basin having data for the 2017 and 2018 water year (Figure 3.1).

65



3.3.3  Analysis

Two modeling approaches were used to understand how the relationship between MWE
and stream water isotope ratios varied through time. We first used ordinary least squares
regression to fit a linear model with MWE to 8'%0 and &’H for each month separately, and then
with month as a factor to determine if slopes were statistically different from one another.
Slopes, intercepts, and R? values were compared among models. We further modeled the spatial
relationship between 6’H and MWE using a class of geostatistical models, spatial stream
network models (SSNMs), which account for spatial dependencies across stream networks (Ver
Hoef and Peterson 2010). As 6'%0 and 8°H values are highly correlated (Clark & Fritz, 1997),
SSNM regression analyses considered only 6’H values. SSNMs are similar to conventional linear
mixed models in that the deterministic mean of the dependent variable is modeled as a linear
function of explanatory variables; however, the assumption of independent errors is relaxed and
an autocovariance model is used to account for spatial autocorrelation in the errors (Ver Hoef et
al. 2006, Peterson and Ver Hoef 2010, Ver Hoef and Peterson 2010). We compared slopes and
variance decomposition results from these SSNMs.

We also visualized spatial autocorrelation in model residuals using semivariograms.
Semivariograms depict how semivariance, or average variation between measurement values
separated by some distance, changes in relation to the distance separating them. Low
semivariance values indicate that sample pairs within some distance are similar, whereas high
values indicate dissimilar sample pairs. We displayed and compared two measures of distance
between points: flow-connected distance (a network-based measure) and Euclidean distance (a
straight-line measure). Semivariance was calculated using the robust estimator (Cressie 1993).

We estimated the semivariogram at lag distances whose bins contained greater than 10 site-pairs
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and that were less than half the maximum flow-connected distance between sites (Zimmerman
and Ver Hoef 2017). We examined semivariograms to visualize dependencies in residuals from
linear models that include MWE as a covariate. Semivariograms were compared to one another
to identify scales of spatial autocorrelation (McGuire et al. 2014, Brennan et al. 2016).

We also examined the relationship between streamflow, geology, and water source. For
each streamflow gaging station, we calculated two streamflow statistics based on the period of
record to characterize individual stream hydrology: unit discharge at baseflow and baseflow
index. Unit discharge, or specific discharge, was calculated by dividing average streamflow for
the month of September by the upstream contributing area for each gage location (Tague and
Grant 2004, Floriancic et al. 2019). Baseflow index is the ratio of annual baseflow to total
streamflow and it represents the contribution of groundwater to river flow (Smakhtin 2001, Beck
et al. 2013). Baseflow unit discharge and baseflow index were calculated for both the 2017 and
2018 water years. For each streamflow gaging station, we also identified the seasonal isotope
sampling location closest to each site and calculated two isotope statistics to characterize water
source: water source variability and baseflow isotope value. Water source variability is the
standard deviation of all 8°H values from a site and reflects how water sources shift throughout
the year (8°Hsp). Baseflow isotope value is simply the September §°H value from a site, which
varies with the mean elevation of source water at that time and place. Water source variability
was calculated as one value across our sampling period, whereas the baseflow isotope value was
calculated separately for September 2017 and 2018. We examined the relationship between
baseflow index and water source variability and baseflow unit discharge and baseflow isotope
value and the relationships between generalized geology, unit discharge, and baseflow index for

each gage site.

67



All data analyses were conducted in R (http://cran.r-project.org) using the Spatial Stream
Network (SSN) and Ifstat packages (Koffler et al. 2013, Ver Hoef et al. 2014) and the Spatial
Tools for the Analysis of River Systems (STARS) toolbox in ArcGIS 10.6 (Peterson and Ver

Hoef 2014).

3.4 RESULTS

3.4.1 General patterns in isotope ratios

Drainage areas of seasonal sampling sites ranged in size from 3-1780 km?. Surface water
isotope ratios for all seasonal samples within the Snoqualmie ranged from -13.7 to -8.7 %o for
8'80 and from -98.4 to -63.9 %o for 8°H over the sampling period (Figure 3.3).

Samples with d-excess values substantially below 10 %o have been likely influenced by
evaporation since falling as precipitation. Most surface water samples fell on the Global
Meteoric Water Line (GMWL) indicating no evaporative influence (Figure S3.1). D-excess
values ranged from -3.75 %o to 14.74 %o over the course of the year. Low elevation sites, such as
those found in the Raging, Tolt, and Mainstem Snoqualmie tended to have the lowest d-excess

values, regardless of season.

3.4.2  Relationship between isotope ratios and MWE

8'80 and &%H of water decreased linearly with MWE, although the strength of the
relationship is stronger for §'30. R? values from regressions of seasonal samples for individual
months range from 0.77 to 0.87 for §'80 and from 0.71 to 0.82 for §°H (Figure 3.3; Table 3.2).
When all months were considered simultaneously, R? values were 0.73 for %0 and 0.65 for
8°H. R? values increased to 0.83 for §'%0 and 0.77 for 6*°H when month was included as a factor

in the linear regression because slopes varied significantly among months.
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The relationship between MWE and isotope ratios changed through time (Figure 3.3).
Slopes for isotope-MWE relationships were smallest in November (-1.9 %o km™!, -11 %o km™)
and February (-2.1 %o km™!, -13 %o km!; Table 3.2) for 6'%0 and &°H, respectively. Slopes in
May (-3.3 %o km™!, -22 %o km") and June (-2.8 %o km™!, -17 %o km™!) were the largest for 5'%0
and 8°H, respectively. Slopes for §'30 and 8°H in September were intermediate (-2.3 %o km™, -
14 %o km™). Sites below 550 m had little relationship between MWE and isotope ratios. We did
not observe any clear seasonal variation in d-excess (Figure 3.3).

To examine how spatial autocorrelation impacted the relationship between MWE and
isotope ratios, we compared model fit and variance decomposition for SSNMs for 6*H isotope
ratios for each month. Proportion of variation explained by spatial structure is fairly consistent
among months, ranging from 15-30 %. All SSNMs had better predictive ability than non-spatial
models, with R? values ranging from 0.86 to 0.94 (Table 3.3).

Spatial dependencies within the Snoqualmie basin varied with month for 3°H residuals
after accounting for effects of MWE (Figure 3.4). For the Snoqualmie basin residual §°H values,
semivariance for Euclidean distance (i.e. the straight line distance between all sites) and for flow-
connected sites (i.e. the network distance between sites that share flow) increased rapidly and
linearly before leveling off around 10 km for May 2018 and June 2017 and 2018 and around 25
km for September 2018. This change in semivariance suggests that residuals from sites beyond
10 or 25 km apart were uncorrelated, whereas residuals from sites closer together were more
highly correlated with one another after accounting for effects of MWE. November 2018,
February 2018, and September 2017 overall had much smaller semivariance values that do not

observably level off indicating that basin §°H residuals are overall more similar.
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3.4.3 Seasonal variance in isotope ratios

Surface water isotope ratios varied seasonally in all surface water sampling sites, but low
elevation (LE) sites (below 550 m) and high elevation (HE) sites (above 550 m) had distinctly
different patterns (Figure 3.5). For both LE and HE sites, isotope values were highest in
September (8?°Hig = -70.3 & 1.2 %o, 8*Hug = -78.6 = 3.9 %o) at the end of the long dry summers.
Isotope ratios declined with winter precipitation inputs and were lowest at LE sites in February
(8*Hig =-77.7 + 0.8 %o). However, HE sites continued to decline and were lowest in May
(8*Hug = -87.9 & 5.7 %o), while LE isotopic values increased in May causing May to have the
greatest variability observed across sites. By June, isotopic ratios at all sites had increased.

Outlets of major tributaries and the mainstem sampled biweekly show similar seasonal
patterns (Figure 3.6). Sites with a substantial proportion of the basin above 900 m (Table 3.1),
including the Mainstem, North Fork, Middle Fork, and South Fork, showed a decrease in
isotopes beginning in late April through May. Although little precipitation occurred after May,
discharge remains relatively high, as compared to the low elevation tributary (Raging). The drop
in isotopic ratios and sustained flow in these tributaries likely reflects the input of snowmelt. For
all sites except the regulated Tolt, isotope ratios increase throughout the summer as flow drops to
its lowest annual value and with little new precipitation falling. The increase began in January
for the Raging and in May after the spring freshet for the Mainstem, North Fork, Middle Fork,
and South Fork. In addition to broad seasonal patterns, two basin-wide shifts in surface water
isotope ratios occurred during storm events. The first occurred on December 30", 2017 and
resulted in a decrease in isotope ratios ranging from 3.1 - 6.2 %o. The second occurred on
November 6™, 2018 and resulted in an increase in isotope ratios ranging from 3.3 - 10.5 %o

compared to the previous sampling event.
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3.4.4  Relationship between discharge and geology

Baseflow index for all sites ranged from 0.43 — 0.98 with a mean of 0.63 and unit
discharge at baseflow ranged from 0.03 — 0.70 m?s™! km with a mean of 0.36 m’ s”' km™.
8°Hsp, €.g. water source variability, ranged from 0.50 — 6.54 %o with a mean of 3.50 %o.
September 2017 and 2018 §°H values ranged from -84.91 to -69.77 %o with a mean of -77.39 %eo.

Unit discharge at baseflow increased positively and linearly with §°H values; however,
two separate groups with similar patterns emerged (Figure 3.7A). Watersheds with a mean
elevation above 550 m generally increase unit baseflow with increasing baseflow isotopic values
up to -75%o indicating more lower elevation water leads to greater baseflow. However, three
relatively small watersheds with mean elevations lower than 550 m fall in a separate line with
much lower unit discharge values (0.04 - 0.16 m3s'km2). Within these low elevation basins,
baseflow unit discharge also increases with higher water isotope values.

Baseflow index was not related to water source variability (Figure 3.7B). The two sites
with the lowest water source variability have the largest baseflow index, however the remaining
sites are clustered between baseflow index values of 0.43 - 0.69 and display no relationship with
water source variability.

Generally, baseflow index increases linearly with the proportion of low elevation glacial
deposits underlying the catchment (Figure 3.8). A notable exception to this is the Raging, which
is underlain by a large percentage of glacial deposits (69%) but has a low baseflow index
(BFI2017 = 0.48, BFI2018=0.43). The relationship between the proportion of glacial deposits and
unit discharge is less clear (Figure 3.8). Streams underlain by a higher proportion of glacial

deposits do not necessarily have a higher unit discharge at baseflow. Notably, all streams with
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greater than 50% of their catchment underlain by glacial deposits, including the Raging and two

additional low elevation tributaries, have very low unit discharge.

3.5 DISCUSSION

3.5.1 Isotope ratios vary strongly with MWE

Surface water isotopes in the Snoqualmie basin primarily varied with MWE (Figure 3.3).
The strong observed elevation gradient can be attributed to the rainout effect, or Rayleigh
distillation (Dansgaard 1964, Clark and Fritz 1997). Storms bringing precipitation to western
Washington basins originate from the Pacific Ocean and move eastward. Continued rainout as
storms move inland and up the Cascade Mountains produces '*O and ?H depleted precipitation at
higher elevations. Close proximity to the Pacific Ocean exacerbates the rainout process. As the
warm, wet air mass travels up the Cascade Mountains, it experiences orographic lifting and
adiabatic cooling, resulting in increased precipitation strengthening the observed isotopic trends
with elevation. Results are consistent with previous studies, which found that in coastal proximal
settings precipitation 8°H variability follows an open-system behavior in which precipitation is
not recycled by evaporation, and the isotopic fractionation is compatible with a Rayleigh
distillation process as the air rises and cools over mountains (Ingraham and Taylor 1986, 1991).
In surface water samples, studies across western Washington river basins have found that MWE
is the dominant predictor of isotope ratios, but basin scale factors such as geology, geographic
location, and landscape attribute configuration can substantially influence isotope ratios (Brooks
et al. 2012, McGill et al. 2020). For the Snoqualmie River, MWE explained most of the variation
in isotope ratios across seasons (Table 3.2), indicating that elevation-induced rainout is the

greatest control on surface water isotope ratios. We use this observed elevation gradient in
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conjunction with seasonality in surface water isotopes to make inference on how various

catchments across the basin contribute to river flow in the Snoqualmie River throughout the year.

3.5.2  Seasonality in isotope ratios reflects hydrological processes

Seasonality in Snoqualmie basin surface water isotopes can be explained by both changes
in the isotopic ratio of input precipitation entering the watershed and changes in contributing
catchments. Within the Pacific Northwest, precipitation isotope ratios are highly variable, with
little distinct seasonality (Ersek et al. 2010, Brooks et al. 2012, Nickolas et al. 2017). Therefore,
the majority of variability in precipitation isotope ratios is storm specific. Although the exact
causes of inter-storm variability are still uncertain, moisture source, temperature at condensation,
air parcel trajectory, and the extent of the rainout process have all been shown to contribute to
variability in precipitation isotope ratios (Ersek et al. 2010, Yoshimura et al. 2010,
Berkelhammer et al. 2012, McCabe-Glynn et al. 2016). Biweekly timeseries data shows two
large, basin-wide shifts in surface water isotope ratios, even in the regulated Tolt basin, that
reflect variability in incoming precipitation isotopes (Figure 3.6). Both of these samples were
taken on the rising limb of storms, where recent precipitation likely made up a larger percentage
of streamflow. Large shifts in isotope ratios may therefore be the result of precipitation with
isotopic ratios distinct from that of stream water entering the watershed and contributing to
streamflow.

Isotope ratios from biweekly samples of major tributaries indicate that streamflow in fall
and winter is predominately sourced from recent and lower elevation precipitation. In the humid
Mediterranean climate western Washington experiences, winter precipitation begins in October
and continues through March. This is typically the wettest and coldest time of the year (Figure

3.2). These conditions lead to snow accumulating in the high elevation mountains within the
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Snoqualmie basin. Subsequently, lower elevation portions of watersheds are contributing more
flow than higher elevation portions of the watersheds located in the transient (300-900 m) and
seasonal (above 900 m) snow zones at this time, and the ?H-MWE slope is shallowest
(Jefferson, 2011; Figure 3.3; Table 3.2). High variability in early winter isotope ratios
corresponding to changes in river discharge (Figure 3.6) suggest that most stream water is
derived from recent precipitation in winter. Results from spatial modeling are consistent with this
finding. In November and February samples, spatial autocorrelation not explained by MWE is
low (Table 3.2; Figure 3.4). This occurs because precipitation amount, type, and isotopic
signature are controlled by orographic processes that vary strongly with elevation, and during the
wet winter a larger fraction of stream water derives directly from recent precipitation. Previous
studies have found similar patterns, wherein during the winter rainy season and wetter-than-
average summers the isotope ratios of surface water across Pacific Northwest river basins are
consistent with recent precipitation, and differences in isotope ratios due to physical watershed
characteristics are limited (Blumstock et al. 2015, Nickolas et al. 2017, Segura et al. 2019).
Lower surface water isotope ratios in high elevation sites and large 6>H-MWE slopes in
May and June reflect the input of spring snowmelt to high elevation sites (Figure 3.4; Figure
3.6). According to SNOTEL data from across the basin, snowmelt in 2018 began in some
locations as early as April and persisted until late June (Figure 3.2). However, SWE estimates at
SNOTEL stations represent only a small subset of conditions within an area. SNOTEL stations
are typically located at higher elevations and in areas that accumulate deeper snowpack than a
majority of the surrounding landscape (Daly et al. 2000, Molotch and Bales 2006). Therefore, the
majority of realized snowmelt in the Snoqualmie basin likely began and ended earlier than

SNOTEL data suggest. Slopes for 8?’H-MWE relationships are largest in May and June (Table
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3.2) and high elevation sampling sites show low isotope ratios compared to February (Figure
3.5). Snowmelt is typically '*O and ?H depleted relative to stream water and rain due to a
combination of accumulating at high elevations and cold temperatures during fractionation
(Beria et al., 2018). Furthermore, biweekly samples show a distinct drop in isotope ratios
beginning in March that lasts until early June for the Mainstem, North Fork, Middle Fork, and
South Fork, all tributaries with a substantial portion of the basin above the 900 meter snowline
(Figure 3.6).

Water isotope values within the regulated Tolt River were more stable over time than
other tributaries similarly positioned in the watershed (Figure 3.6). The Tolt Reservoir is
operated for flood control in winter, flow augmentation in summer, and provides drinking water
to the City of Seattle year-round. The reservoir fills in late winter and spring, potentially holding
back winter precipitation and high elevation snowmelt and releasing it during summer low flow.
The isotope ratio of water within the Tolt Reservoir likely reflects the long-term average of river
water input, which may explain the relatively flat isotope time series and lack of a discernable
snowmelt signal in spring (Figure 3.6). Previous studies have found muted temporal isotopic
variation below artificial impoundments and natural lakes, reflecting extended retention times
and elevated river water mixing (Kendall and Coplen 2001, Wassenaar et al. 2011, Brooks et al.
2012, Trinh et al. 2017). We did not observe d-excess values below 5 %o, which indicated no

appreciable evaporation within the reservoir (Figure 3.3).

353 Catchment geology controls summer baseflow

We found that summer baseflow within the Snoqualmie basin was derived from low
elevation sources. In our biweekly sampling, water isotope values slowly increased throughout

the dry summer as flows decreased at outlets of the mainstem and major tributaries (Figure 3.6).
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The highest surface water isotope ratios were found in September. In Mediterranean climates
without significant summer precipitation, water isotopes in precipitation infiltrating into
mountain blocks with different residence times determine the isotopic composition of river water
at baseflow. Shallow groundwater isotope ratios do not deviate significantly from the mean
weighted annual composition of precipitation in temperate climates in areas without seasonal or
spatial bias in recharge (Clark and Fritz 1997, Bowen et al. 2011). As the vast majority of
precipitation within the Snoqualmie basin falls in winter (Figure 3.2) and Pacific Northwest
precipitation isotope ratios have little distinct seasonal pattern (Ersek et al. 2010, Brooks et al.
2012), a temporal bias in groundwater recharge is unlikely. The relatively high summer baseflow
isotope ratios in the Snoqualmie basin therefore suggest a spatial bias in recharge towards lower
elevation sources, given the strong 8?’H-MWE relationship we observed in Figure 3.3.

Lower elevations of the Snoqualmie basin are dominated by a deep permeable,
productive glacial aquifer that we presume is the source of baseflow (Turney et al. 1995, Bethel
2004). Glacial and interglacial deposits in the valley bottom contain several geohydrologic units,
each with differing lithological and hydrologic characteristics that control aquifer potential.
Deposits consist of a mix of unconsolidated gravel, sand, silt, clay, and peat and include geologic
features of alluvium, recessional and advance outwash, till, ice-contact deposits, and confining
beds (Bethel, 2004; Turney et al., 1995; Figure S3.2). Features such as alluvium and advance
outwash consist of sand and gravel on average hundreds of feet thick and have better aquifer
properties than units such as till or transitional beds (Turney et al. 1995). However, most glacial
and interglacial deposits can form small but useable aquifers that may help sustain baseflow in
summer months (Turney et al. 1995, Soulsby et al. 2004, Blumstock et al. 2015). In the Pacific

Northwest more specifically, geology is critical in determining baseflow patterns. In Oregon,
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Nickolas et al. (2017) found that baseflow was sustained by permeable sandstone portions of the
Marys River watershed, and Segura et al. (2019) found that during drought conditions water
stored in deep seated earthflows, other Quaternary deposits, and porous volcanic bedrock
supported baseflow. Furthermore, baseflow in the Oregon Cascades is supported by high
elevation snowmelt that travels through extensive subsurface flow paths within highly porous
and permeable young volcanic bedrock (Tague and Grant 2004, Tague et al. 2013). Such studies
of streamflow show that Pacific Northwest rivers will not respond uniformly to the same climate
signal and illustrate the importance of subsurface geology in controlling baseflow.

The '"#0 and ?H enriched summer baseflow in the Snoqualmie also suggests that
snowmelt does not recharge groundwater or contribute substantially to late summer baseflow,
but rather comes out as a pulse during the spring freshet. We observed a distinct decrease in
water isotope ratios during spring in the mainstem and major tributaries with area above 900 m
(Jefferson 2011), quickly followed by a continual increase in isotope ratios throughout summer
(Figure 3.6; Table 3.2). Snowmelt enters and moves through the system in a quick pulse, and as
the year progresses lower elevation water sources sustain streamflow. The upper portion of the
Snoqualmie basin is covered by thin soil over impermeable bedrock lacking extensive fracture
networks, meaning that rain and snowmelt are not retained in the mountains but are rapidly
transmitted to the stream system (Bethel, 2004; Turney et al., 1995). Recharge in mountain areas
such as the Snoqualmie basin can be permeability-limited rather than recharge-limited due to
thin soils overlying low-permeability crystalline bedrock (Debose and Klungland 1964, Nelson
1971, Goldin 1973, 1992, Flint et al. 2008). When the rate of snowmelt infiltration into soils
exceeds percolation into bedrock, lateral flow occurs and water drains to streams or wetlands.

Furthermore, in the Pacific Northwest, spring snowmelt may substantially exceed unsaturated
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zone storage capacity due to high antecedent soil moisture from winter rains (Blankinship et al.
2014). Therefore, upper elevation bedrock is not an important source of runoff control and
groundwater storage.

Hydrologic evidence supports the assertion that low elevation glacial deposits are the
main source of summer baseflow. Unit discharge for baseflow increased when water originated
from lower elevation (Figure 3.7B), supporting the idea that baseflow was sourced from a glacial
aquifer within the Snoqualmie valley. Interestingly, three watersheds with mean elevations
below 550 m, including the Raging River, had the smallest unit discharge values despite having a
low water source elevation, high baseflow index and a large proportion of glacial deposits
(Figure 3.7; Figure 3.8). These watersheds may have these unexpected attributes because less
precipitation is entering the catchment or because their subsurface catchment is smaller than their
topography delineated catchment (Nickolas et al., 2017). In addition, groundwater upwelling
generally occurs at breaks in the landscape (Neff et al. 2019), and all these basins are below the
break related to the Snoqualmie falls potentially limiting groundwater discharge points. A mass
balance calculation using river discharge data also suggests that during summer, proportionally
more water enters the basin from low elevation sources such as mainstem tributaries.

For all sites except the Raging River, as the proportion of glacial deposits within a
catchment increases, the baseflow index increases linearly (Figure 3.8) meaning groundwater
comprises a larger percentage of annual streamflow. The lack of a relationship between water
source variability and baseflow index is surprising (Figure 3.7). We expect groundwater to have
a relatively constant isotope ratio through time (Clark & Fritz, 1979), and therefore anticipate
that sites dominated by groundwater have a low water source variability. We hypothesize that the

weak pattern is partially due to our limited temporal sampling, which captures events on long
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time scales (e.g. snowmelt) better than on short timescales (e.g. storm driven events). Therefore,
our metric of water source variability is correlated with elevation and snowmelt and may not
capture the true water source variability for a site like the Raging River, which is a flashy system
that lacks snowmelt.

Alternative explanations for %0 and *H enriched summer baseflow, such as enriched
precipitation falling in summer or displacement of evaporated soil water with an enriched
isotopic composition, are unlikely. Very little rain falls in summer within the Snoqualmie basin;
stream discharge response to summer precipitation is limited (Figure 3.2), likely because dry
soils and plant transpiration adsorb and utilize these small summer events. In addition,
evaporatively enriched soil water was not the cause of the increase in stream water isotope
values as seen in some other studies (Tetzlaff et al. 2015, Peralta-Tapia et al. 2015, Sprenger et
al. 2017), because September samples had a similar d-excess as June samples. Brooks et al.
(2010) found tightly bound soil water with an evaporatively enriched isotopic signal remained
stationary throughout summer unless utilized by plants, and mobile water without an evaporated
signal contributed to streamflow in a similar Mediterranean climate. Good et al. (2015)
suggested that globally this process is more widespread than previously thought. The observed
isotopic increase in baseflow was therefore likely due to a decrease in elevation of the water
origin, indicating that 80 and *H enriched lower-elevation groundwater is contributing more to
streamflow in late summer. Additionally, residual snowmelt, which may be present in June, did

not sustain streamflow into September.

354 Caveats and limitations

Our ability to generalize results is limited by our sampling design and dataset. Our

sampling design involved intensive temporal and spatial sampling over June and September 2017
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and the 2018 water year. The coupling of widespread and frequent water sampling provided
information about regional, geologic, and climatic controls on the spatial and temporal variability
of water sources relevant to management. Given that our study only spanned a single year, our
results may be a reflection of specific conditions during the 2018 water year. However, as 2018
was a relatively average year in terms of temperature and precipitation (Figure S3.3), this seems
unlikely. Precipitation samples were not collected within the Snoqualmie basin due to logistical

restrictions, although we obtained precipitation samples from nearby locations.

3.5.5 Climate and management implications

A critical challenge for resource managers seeking to prioritize restoration or research
actions is in identifying streamflow sensitivity to climate change. Our results show that in the
Snoqualmie basin, summer streamflow is sustained primarily by groundwater recharged by low
elevation precipitation, and snowmelt does not substantially contribute to summer streamflow.
This suggests that the Snoqualmie River may be less sensitive to predicted warming than Pacific
Northwest rivers that rely on snow or glacial melt to sustain summer streamflow (Riedel and
Larrabee 2016). However, it is important to note that although groundwater discharge may
remain constant, warmer air temperatures could lead to warmer water temperatures and a
reduction in baseflow discharge due to increased evaporation and evapotranspiration.
Furthermore, groundwater likely integrates several years of storage; amount of storage and
timing of release to the stream are key considerations for drought resiliency. Although several
studies have highlighted the role of underlying geology in controlling hydrologic responses to
climate change (Tague and Grant 2004, 2009, Tague et al. 2008, Mayer and Naman 2011),
future streamflow predictions for Puget Sound continue to focus predominately on climate

mediated changes in snowpack regimes (Elsner et al. 2010, Mantua et al. 2010, Wu et al. 2012).
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An increased focus on basin-scale attributes that impact timing and magnitude groundwater
discharge to rivers could improve future streamflow predictions (Tague et al. 2013).
Recognizing that subsurface geology plays a major role in controlling the hydrology of
the Snoqualmie River can be used to advise management decisions relating to restoring
floodplain functions that recharge aquifers. Understanding major groundwater recharge areas
may enable managers to target restoration actions such as placing engineered logjams or
reintroducing beavers in areas underlain by permeable glacial deposits where recharge is greatest
(Abbe and Brooks 2013, Pollock et al. 2014). Similarly, by combining climate predictions with
our water source estimates we can estimate areas of the basin and times of year that will undergo
the greatest shifts in streamflow timing and magnitude. For example, Figure 3.6 illustrates that
recent precipitation from incoming storms can dominate streamflow across the Snoqualmie
River. Climate models predict more intense and frequent winter storms, which have the potential
to cause flooding across all areas of the basin. Impacts from flooding could be particularly severe
in the Raging River due to its flashy hydrology and low elevation. Several species of Pacific
Salmon spawn in the Raging River and flooding here may negatively impact egg-to-fry survival
rates (Mantua et al. 2010, Isaak et al. 2012). Resource managers may therefore decide to
preemptively focus management efforts such as wetland restoration and riparian planting within

this and other low-elevation tributaries to provide fish habitat complexity and mitigate flood risk.
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Figure 3.2. Climatic time series over our study period. Mainstem Snoqualmie discharge from
USGS station 12149000 (A), total daily incoming precipitation from SNOTEL site 908 (Alpine
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Table 3.1. Watershed characteristics for the Snoqualmie River and each of its major
tributaries. The “snow zone” in the Snoqualmie is considered to be areas greater than 900 m

(Jefferson 2011). Mean Annual Precipitation was calculated over the period 1980-2010.

Subwatershed Drainage Mean Relief Mean Mean Proportion Proportion  Precip
Area  Watershed (m) Annual Slope  of basin of basin  Weighted
(km?) Elevation Precipitation (%) >900 m w/ Elevation
(m) (cm) bedrock (m)
geology
Mainstem 1781 637 2,295 236 36.3 0.34 0.49 781
Middle Fork 442 988 2,176 325 58.0 0.65 0.77 1043
South Fork 218 814 1,771 267 44.1 0.46 0.65 890
North Fork 268 869 1,667 281 47.9 0.53 0.71 919
Tolt 263 610 1,801 217 33.9 0.25 0.46 710
Raging 84 442 1,035 196 21.7 0.00 0.31 472
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Table 3.2. Model fit statistics from linear regressions with mean watershed elevation in the
Snoqualmie River basin. Units for the coefficients are %o/m. Numbers in parentheses are the

standard error (SE) for model parameters.

%0 o’H
R2 Coefficient Intercept R2 Coefficient Intercept

(SE) (SE) (SE) (SE)

November 0.81 -0.0019 -9.98 0.81 -0.011 -71.74

(n=48) ' (0.00019) (0.14) ' (0.0011) (0.81)

February 0.87 -0.0021 -10.16 0.77 -0.013 -73.03

(n=45) ' (0.00014) (0.099) ' (0.0012) (0.84)

May 0.84 -0.0033 -9.26 0.82 -0.022 -66.26

(n=47) ' (0.00026) (0.19) ' (0.0021) (1.56)

June 0.83 -0.0028 -9.29 0.78 -0.017 -68.10

(n=90) ' (0.00018) (0.13) ' (0.0014) (0.96)

September 0.77 -0.0023 -9.24 0.71 -0.014 -66.05

(n=92) ) (0.00018) (0.13) ' (0.0013) (0.96)

-0.0025 -9.50 -0.015 -68.49

AllMonths = 0.73  , 50012) (0.82) 065 0.00088) (0.63)
All Months

(with 0.83 -0.0025 -9.95 0.77 -0.015 -71.15

month as a ' (0.000095) (0.10) ' (0.00071) (0.79)

factor)
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Table 3.3. Spatial stream network model (SSNM) statistics for each month. All sites were

included in these regressions. Units for the coefficients are %o/m.

o*H
Variance Component
R Coifsf;c)lem RMSPE Fixed (%) Spatial (%)
November -0.019
(n=48) 0.93 (0.0016) 1.04 72 21
February -0.013
(n=45) 0.93 (0.0013) 1.16 72 21
May -0.016
(n=47) 0.89 (0.0018) 2.57 69 20
June
2017 0.94 (600(())21 i.) 1.64 74 20
(n=48) '
June
2018 0.91 ((_)06(())1131) 1.91 69 22
(n=42) '
September
2017 0.94 ((—)0(.)(())%11) 1.29 79 15
(n=46) '
September
2018 0.86 ((_)06(())1137) 1.93 56 30
(n=46) )
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Chapter 4. SPATIAL COVARIANCE OF HYDROLOGIC CHANGE
AMONG RIVER DISCHARGE TIME SERIES
ACROSS WESTERN NORTH AMERICA

4.1 ABSTRACT

Seasonal flow regimes support both physical and ecological river processes such as
disturbance regimes, habitat provisions, and native species life history cues. In western North
America, many rivers rely on winter precipitation and the resulting snowpack to sustain spring
and summer streamflow. Warmer winter temperatures have led to increased precipitation falling
as rain and decreased mountain snowpack; subsequent changes to the timing, duration, and
magnitude of streamflow over the course of the year are already occurring. We mapped the
magnitude and extent of historical changes to peak, baseflow, and recession hydrology metrics to
resolve the relative influence of local-scale morphological and regional-scale climactic processes
in governing patterns of change. Across all hydrologic metrics, relatively few basins displayed
significant monotonic trends. However, baseflow metrics showed more substantial and
widespread changes than peak or recession flow metrics. For all hydrologic metrics,
geographically localized interannual variation was the dominant control on observed changes to
streamflow, rather than variability corresponding to river type or monotonic changes.
Additionally, study results illustrate that mean annual precipitation that falls in a catchment has
historically been the dominant control on measured facets of river hydrology, compared to air
temperature and global circulation metrics. Lower and longer baseflow and high interannual
variability coupled with even modest trends portends challenges for both water resource

management and native fish species such as Pacific salmon.
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4.2  INTRODUCTION

Anthropogenic climate change is altering water resources in western North America,
resulting in increasing temperatures, decreasing mountain snowpack, and sharpened seasonal
precipitation (Whitfield and Cannon 2000, Barnett et al. 2008, Cayan et al. 2008, Mote and
Salathé 2010, Hagos et al. 2016, Swain et al. 2018). The rate and intensity of these changes will
be mediated by latitude, with northern latitudes expected to see faster warming, and southern
latitudes expected to see greater variability in precipitation (Diffenbaugh et al. 2015, Swain et al.
2018). River runoff within western North America is particularly sensitive to changes in climate
due to strong seasonality in precipitation (October through March) and dependence on mountain
snowpack from the Cascades, Sierra Nevadas, and coast ranges to sustain warm season stream
flow (April through September; Stewart et al. 2005, Elsner et al. 2010, Safeeq et al. 2016,
Dierauer et al. 2018). A changing climate affects the timing and balance of precipitation falling
as rain and snow, and therefore the timing and magnitude of streamflow over the course of the
year (Knowles et al. 2006, van Vliet et al. 2013). Anticipated shifts in these climatic drivers have
implications for ecologically and economically relevant components of river discharge. As
changes will not be uniform across rivers, there is an urgent challenge and opportunity to identify
how climate and catchment parameters influence individual river response.

Process-based hydroclimate modeling suggests several directional shifts in river
discharge metrics are expected with a changing climate. Less intense and earlier snowmelt
should modify spring recession characteristics to produce an earlier timing, smaller magnitude,
and shorter duration for spring recession flows (Stewart et al. 2005). Snowpack acts as a natural
water reservoir that sustains streamflow throughout the summer, and its loss will likely lengthen

the dry season duration and decrease dry season magnitude (Wu et al. 2012). Additionally, the
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intensification of the water cycle due to a warming climate and a greater proportion of winter
precipitation falling as rain may increase the number and intensity of river floods (IPCC 2014;
Hamlet and Lettenmaier 2007). These changes will likely strain human water resource systems
where the seasonal asynchrony between runoff from winter precipitation and summer water
demand (i.e., the combination of atmospheric demands, ecological requirements, and
consumptive use) already makes water supplies scarce and vulnerable (Barnett et al. 2005, Jaeger
et al. 2017). Furthermore, aquatic and riparian species that are highly adapted to seasonal
flooding and drought disturbances (Gasith and Resh 1999, Bonada et al. 2007) may have
difficulty adapting to the changes in the timing or intensity of these signals; when coupled with
high interannual variability, even modest trends may push species outside their tolerance limits.
Thermal and hydrologic conditions outside the tolerance of species, such as warm water
temperatures and low summer baseflows, are expected to prove challenging for species such as
Pacific salmon (Mantua et al. 2010, Steel et al. 2019). Understanding the mechanisms driving
past and predicted future river response to these climatic changes is therefore critical for resource
planning and management.

River streamflow is influenced by myriad factors at multiple spatial scales, including
oscillations in ocean circulation patterns, regional precipitation and temperature, and basin
morphology. Understanding an individual river’s hydrologic change requires a macrosystems
context for comparing river responses. On a global scale, river hydrology is impacted by
variability in sea surface temperatures over the Pacific Ocean characterized by the Pacific
Decadal Oscillation (PDO) and the EI-Nifio Southern Oscillation (ENSO) indices. Both PDO and
ENSO phenomenon contribute to decadal and inter-decadal scale oscillations in temperature and

extreme precipitation across western North America (Mantua et al. 1997, Gershunov et al. 2019)
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which govern regional patterns in hydrology. Western hydrology has largely been influenced by
winter precipitation, but increasingly warmer temperatures are expected to play a role in water
year runoff through changes to snowmelt timing and drought (Diffenbaugh et al. 2015, Williams
etal. 2015, Woodhouse et al. 2016). Basin morphological characteristics are the local-scale lens
through with climatic changes will be filtered and translated into discharge.

Western rivers have been broadly categorized into three discharge regimes, rain-
dominated, mixed, and snow-dominated, based on the predominant form of winter precipitation.
These classifications closely correspond to watershed latitude and elevation (Hamlet and
Lettenmaier 2007, Jefferson 2011). Rain-dominated flow regimes are controlled by the intensity
of winter rainfall and characteristics of individual storm events. Snow-dominated flow regimes
are largely controlled by the timing and rate of snowmelt, which are driven by seasonal patterns
of precipitation and temperature. Mixed source streams experience both rainfall driven flows in
the winter and a snowmelt pulse in the spring, or they occur in large drainages that receive both
snowmelt and rainfall contributions from upstream. With the transition towards warmer
temperatures, many snow-dominant watersheds are expected to become mixed, and mixed
watersheds will shift toward rain-dominance (Hamlet et al. 2005, Barnett et al. 2008, Elsner et al.
2010, Shrestha et al. 2012, Schnorbus et al. 2014).

Numerous studies have examined projected changes in climate and hydrology at multiple
scales across western North America (Elsner et al. 2010, Vano et al. 2010, Wu et al. 2012).
Western North American river hydrology is often characterized by often extreme hydrologic
variability and widespread human intervention, which can make the detection and attribution of
monotonic (consistently increasing or decreasing) trends a difficult task. Despite this, studies to

detect the presence of these climate-driven trends in river discharge have occurred at the local,
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regional, and national scale, resulting in a large body of literature with mixed results (Whitfield
and Cannon 2000, Stewart et al. 2005, Burn et al. 2012, Ficklin et al. 2018). Some studies have
found a shift in timing of discharge with an increase in winter and early spring and a decrease in
late spring and summer (Zhang et al. 2001, Burn and Hag Elnur 2002, Ehsanzadeh and
Adamowski 2007, Khaliq et al. 2008, Cunderlik and Ouarda 2009), trends towards earlier and
less intense snowmelt (Stewart et al. 2005, Déry et al. 2009, Cunderlik and Ouarda 2009),
decreases in summer low flows (Ehsanzadeh and Adamowski 2007, Déry et al. 2009, Dierauer et
al. 2018), and decreases in surface water supplies (Déry and Wood 2005, St. Jacques et al. 2010).
Other studies, however, have failed to detect trends when attempting to assess changes in
hydrologic metrics such as median discharge and extreme events (Ficklin et al. 2018).

Despite the breath of research examining historical trends in discharge across a range of
hydrologic metrics and river types, few studies have quantified the relatively balance of
interannual variability to directional change across western North America. Furthermore, while
regional cohesion in hydrologic trends is common (Burn and Hag Elnur 2002, Ehsanzadeh and
Adamowski 2009, Ficklin et al. 2018), formal clustering is rarely done (but see Pournasiri
Poshtiri et al. 2019). Our study aims to comprehensively map the magnitude and extent of
changes to hydrologic metrics using recently updated discharge data from British Columbia,
Alaska, and the western conterminous United States, and to resolve the relative influence of
local-scale morphological versus regional-scale climactic processes in governing overall patterns
of hydrologic change. We utilize dynamic factor analysis (DFA), a dimension-reduction
technique designed for time series data (Zuur et al 2003), to characterize non-monotonic
temporal and spatial patterns in river discharge metrics and examine the influence of climatic

forcing in the form of precipitation, temperature, soil moisture, and Pacific climate indicators
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(PDO and ENSO). We also examine how basin characteristics such as river type and latitude

mediate river response to climatic forcing.

4.3 METHODS

4.3.1 Watershed selection

Mean daily discharge observations were downloaded from gauges located in the western
United States and Canada from the United States Geologic Survey and Environment Canada
respectively. We identified reference stream gages with at least 40 years of data using the
Geospatial Attributes of Gages for Evaluating Streamflow (GAGES-II) dataset (Falcone et al.
2010) within the United Sates and the Environment Canada Reference Hydrometric Basic
Network (RHBN, Brimley et al. 1999, Lins 2012) within Canada. Reference stream gages are
sites for which discharge reflects the prevailing meteorological conditions and are screened to
exclude sites where human activities (e.g., impoundments, withdrawals, diversions, land use
change) affect natural streamflow. We included two gages on the same river if the downstream
gage had a contributing watershed area at least twice that of the upstream gage. If the two
watersheds were closer in size, only data from the larger watershed was used. In total, we
obtained discharge data from 185 gauges: 55 from California, 33 from Oregon, 51 from
Washington, 3 from Southeast Alaska, and 43 from British Columbia.

Basins were a priori categorized into three hydrologic classes (rain, mixed, or snow)
based on the average ratio of maximum snow water equivalent (SWE) to cumulative wet season
precipitation (October to March) from 1981-2010 (Hart and Bell 2015, Arsenault et al. 2020).
These classes can be considered nodes along a complex continuum of discharge response to
mixed flow drivers. The SWE to winter precipitation ratio can range from 0 to 1 and provides a

continuous estimate of the degree of snow influence.
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4.3.2  Hydrograph metrics

We calculated six hydrologic metrics that describe ecologically and climatically relevant
aspects of discharge to obtain annually resolved time series for each river-metric combination.
The first pair of metrics deal with peak flows and include the magnitude and duration of peak
flow conditions for each site. Peak flow magnitude was calculated as the maximum annual
discharge value, and the peak flow duration was calculated as the number of days with discharge
above the 80™ percentile of flow. The second pair of metrics deal with spring recession flows,
which mark the seasonal shift from high magnitude winter flows to the dry season baseflow and
include the magnitude and timing of the spring recession for each site. The timing metric was
developed with the eFlows software (Lane et al. 2017, 2018, Patterson et al. 2020), which uses
an iterative smoothing, feature detection, and windowing methodology to identify and
characterize seasonal flows across highly variable natural flow regimes. Spring recession
magnitude was calculated as the discharge value at the onset of spring recession. The last pair of
metrics deal with summer low flows and include the magnitude and duration of summer
baseflow conditions. The dry season baseflow period represents the low magnitude, low
variability portion of the water year, which occurs in summer for Western North American rivers
that experience a Mediterranean climate. Low flow magnitude was calculated as the minimum 7-
day average discharge value, and the low flow duration was calculated as the number of days

from May 1% — September 30" with discharge below the 20™ percentile of flow.

433 Climate covariates

We explored a suite of candidate climatic variables (covariates) related to seasonal
climate and ocean circulation patterns. For each individual watershed, we calculated time series

of mean annual temperature (MAT), total annual precipitation (TAP), maximum annual monthly
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temperature (MAT), maximum annual weekly precipitation (MAP), and both winter (October to
March) and summer (April to September) soil moisture. We also calculated a single time series
for the entire region of annual winter and summer anomalies of the Pacific Decadal Oscillation
(PDO) and the El-Nifio Southern Oscillation (ENSO). Daily mean temperature and precipitation
data for each watershed were extracted through the Hydrometeorological Sandbox dataset
(HYSETS; Arsenault et al. 2020). The meteorological data in the HYSETS are based on the
Global Historical Climate Network Daily (GHCN-Daily) dataset (Menne et al. 2012). Arsenault
et al. (2020) averaged the meteorological data from the GHCN-Daily dataset within each
watershed with 1°extension using the Thiessen polygons method to obtain watershed-averaged
time series. We used the watershed-averaged meteorological data in the HYSETS dataset for the
analysis in this study. Soil moisture data was obtained from the TerraClimate dataset
(Abatzoglou et al. 2018). The data consists of simulated monthly gridded soil moisture data with
a spatial resolution of 1/24° by 1/24°. Covariate data spans 1958-2018 and contains no missing
values. Pacific Decadal Oscillation (PDO) and the EI-Nifio Southern Oscillation (ENSO) indices,
which characterize variability in sea surface temperatures over the Pacific Ocean, were obtained
by year for all years in which we had data from the NOAA National Centers for Environmental
Information, and average winter (October — March) and summer (April — September) anomaly
values were used as covariates. Although some relationship between ENSO, PDO, and climate
conditions is expected (e.g., McCabe and Dettinger 2002), we found relatively weak correlations

among covariates within our model.

434 Directional trend tests

Monotonic (i.e., strictly increasing or decreasing) trend tests for all hydrologic metrics

were performed for the entire period of record for each gage. Trend magnitudes were assessed
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using the Theil-Sen slope estimator. The Theil-Sen slope is a robust estimator for trend analysis,
as it uses the median slope of all data pairs (Thiel 1950; Sen 1968). It is more accurate for
skewed or heteroskedastic data and comparable to least squares regression for normally
distributed data (Wilcox 1998). Statistical significance was evaluated using the Mann—Kendall

trend test with a threshold p-value of 0.05 (Mann 1945; Kendall 1975).

4.3.5  Non-monotonic trend dynamics

Non-monotonic trends in response time series (hydrologic metrics) were then modeled
using dynamic factor analysis (DFA; Zuur et al. 2003), a multivariate technique partly analogous
to principal component analysis in the time domain. At the extremes, hydrologic metrics among
rivers can range from one synchronous time series to #n individual and uncorrelated time series.
The DFA approach fits each response time series (i.e., discharge metric for a given river) with
linear combinations of covariates, latent trends modeled as random walks, and random error.
Covariates are pre-specified times series that are a priori expected to correlate with the response
times series, while each latent trend represents unspecified but shared sources of variation. Both
covariates and latent trends explain variation in multiple response series, such that the number of
covariates + latent “shared” trends required to model each response is much smaller than the
number of observed time series. The influence of each covariate or latent trend on a given
response time series is quantified through model coefficients, which can be thought of as the
effect size of the covariate or trend on the response. All models were fit using maximum
likelihood estimation by automatic differentiation, with Template Model Builder software, which
we called using package TMB in R (R Core Team 2021, Kristensen et al. 2016).

DFA models include both observation and process uncertainty and are described by two

parts. The process model, describes changes in the true, unobserved states of nature over time:
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X¢ = X_1+ W; where w,~ MVN(0, Q) (4.1)
Xt 1S the vector of latent trend values at time t and w¢ is some random process error at time t,
which is distributed as a multivariate normal with mean 0 and covariance matrix Q. Q is an
identity matrix for model identifiability (Harvey 1990).
The second part of the DFA model is the observation equation, which relates observed
data to the unobserved states:

V¢ = ZX; + Dd; + v; where v,.~MVN(0, R) (4.2)
yt is the vector of observed hydrologic metrics for each river in year t. The matrix Z contains
factor loadings that map each of the observed time series onto each of the latent variables in x¢. D
is the matrix of covariate coefficients, d¢is the vector of values at time t. The vector v¢ contains
the observation errors, which are distributed as a multivariate normal with mean vector 0 and
covariance matrix R. Both the observed data and the covariates were standardized to have a
mean of 0 and standard deviation of 1 to facilitate model comparisons and interpretation across
states and spatial scales. Each hydrologic metric was modeled as a separate response variable.

For each response variable, we used the small sample Akaike information criterion
(AICc; Burnham and Anderson 2004) to find the most parsimonious combination of covariates,
latent trends, and the error structure. Starting with the hypothesis that all rivers (n = 185)
effectively operate as a small number of synchronous time series, we fit models having from m =
1 up to a maximum of 6 latent trends. We chose to limit the possible number of shared trends to
limit the number of models tested and allow for greater inferential parsimony. For the R matrix
we explored two competing structures: same variance, zero covariance (implies that the same
process variance is affecting all the time series) and same variance and covariance (assumes

rivers covary, allowing joint information among time series to be modeled). Details on these
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structures and their implications can be found in Holmes et al. (2012). After identifying a range
of the more supported number of latent variables, we added environmental covariates in a
modified forward stepwise procedure based on AAICc scores to determine whether any of the
underlying patterns and latent variables in the time series data could be better represented by
including environmental drivers as computational constraints prevented an exhaustive model
search (Jorgensen et al. 2016; Table 4.1). We required that each additional factor or covariate
explain at least 5% of total explained variance and reduce AICc. This strategy was intended to
allow analysis of very large datasets, while only adding factors that explain a substantial portion
of streamflow variance. We examined model fits to data and potential problems with residuals

after ensuring that parameter estimation converged.

4.4 RESULTS

4.4.1 River classification

River hydrologic regime classification based on SWE to winter precipitation ratios
resulted in 59 gages classified as rain-dominated hydrology, 61 gages classified as mixed
hydrology, and 65 gages classified as snow-dominated hydrology (Figure 4.1; Figure 4.2). The
ratio between SWE and winter precipitation varied strongly with both latitude and mean
watershed elevation (Figure S4.1). Rivers in the rain-dominated class mostly occurred in
southern California and coastal Washington and Oregon. High annual precipitation, mean winter
temperatures above freezing, and mean elevations generally below 1000 m facilitated rain-
dominance. Rivers in the snow-dominated class predominately occurred in British Columbia or
high elevation areas of Washington and California (Figure 4.1). Snow-dominated rivers rarely
had elevations below 1000 m. Glaciers provided additional summer melt-based flow in select

snow-dominated class basins in British Columbia and Alaska (Curran and Biles 2021). Mixed
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class rivers show the most variable hydrologic patterns. Although rainfall and snowmelt, on
average, formed a primary and secondary high-flow mode in all mixed subclasses, rainfall and
snowmelt timing and relative influence greatly varied across individual basins (Figure 4.2).
Hydrologic metrics differed across the river types. Generally, snow-dominated
watersheds displayed a larger minimum flow magnitude, smaller peak flow magnitude, and later
recession timing than either mixed or rain basins. Rain-dominated watersheds did not
consistently differ from mixed watersheds, except for spring recession metrics. Rain-dominated
watersheds experienced a larger and earlier recession than mixed watersheds. Watersheds at low
latitudes experienced both shorter periods of high flow and longer periods of low flow (Figure
4.3). Furthermore, for all metrics except minimum flow magnitude, snow-dominated watersheds
had a smaller standard deviation than mixed or rain-dominated watersheds across the period of
record. Mixed basins were more variable than rain-dominated basins at comparable latitudes for

minimum and peak flow duration and recession timing (Figure 4.3).

4.4.2 Mann-Kendall trend results

A relatively low proportion of rivers showed significant monotonic trends over time to
suggest consistent shifts in hydrologic metrics (Figure 4.4). Minimum hydrologic metrics
generally exhibited the largest trend estimates and highest rates of statistical significance. For
minimum flow magnitude, 45% of gages showed significant trends, with over two thirds of those
trends (68%) decreasing (smaller minimum flows through time). Minimum flow duration
exhibited fewer significant trends (33% of gages), but with the vast majority showing longer
minimum flow duration over time (84% of gages). Trends in peak flow and recession flow were
generally not as large or significant (Figure 4.4). For peak flow magnitude, 18% of gages showed

significant trends with 70% of significant trends decreasing (smaller peak flows through time).
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Peak flow duration showed fewer significant trends (10% of gages), with the vast majority
decreasing (81% of gages). For recession flow magnitude, 6% of gages showed significant trends
with exactly half of them increasing (smaller recession magnitude through time). Recession flow
timing displayed slightly more significant trends (7% of gages). Most gages exhibited earlier
recession flows (75% of gages). The hydrologic metrics in this work do not exhibit strong
temporal autocorrelation.

The monotonic trend analyses identified regionally distinct changes in discharge
throughout the western United States and Canada that were somewhat consistent across all
hydrologic metrics (Figure 4.4). For example, mid-latitude river basins (e.g., Washington and
Oregon) showed the largest changes through time, indicated by generally large trend estimates.
River class also loosely correlated with trend estimates. Trends in minimum flow magnitude,
minimum flow duration and, to a lesser extent recession timing, all showed relationships with the
ratio of SWE to winter precipitation (Figure 4.4). Typically, high latitude, snow-dominated
watershed displayed increases in minimum magnitude, smaller decreases in minimum duration,
and earlier spring recession. Nearly all gages with increasing flood magnitudes over time were

snow-dominated basins.

443 Dynamic factor analysis results

The data best supported models with 3 to 4 common latent variables among the six
hydrologic metric time series (Table 4.1). The best-fit model structure varied by metric, although
most included TAP as a covariate (Table 4.1). Model structures are described in Table 4.1.

The covariate coefficients for the best-fit DFA model for each hydrologic metric are
presented in Figure 4.5. Covariate coefficients varied with both latitude and river type. Summer

soil moisture and winter ENSO anomalies were positively related to minimum flow magnitude,
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particularly for mid-latitude rain-dominated basins. TAP was also positively related to minimum
flow magnitude. Generally, covariates explained a large proportion of interannual variation for
minimum flow duration. Covariate coefficients indicated that summer soil moisture and TAP
exhibited inverse relationships with minimum flow duration: low summer soil moisture
correlated with long minimum flow durations and high TAP correlated with short minimum flow
durations. Precipitation metrics coefficients for peak flow duration and magnitude and recession
magnitude were universally negative, with low latitude gages displaying larger coefficients. For
peak flow duration, rain-dominated watersheds had larger coefficients for MAP than mixed
watersheds for similar latitudes. Covariates explained relatively little variation in recession
timing, although snow and mixed watersheds exhibited generally positive TAP coefficients.

The DFA analysis identified regionally distinct changes in discharge not accounted for by
climate covariates throughout the United States and Canada (Figures 4.6-4.8). These regions
were not necessarily consistent across hydrologic metrics. Latent variable factor loadings for
peak flow magnitude clustered in narrow geographic areas, for example Southern British
Columbia and Washington for trend 1, and Northern California and Oregon for trend 2 (Figure
4.6). Clusters were relatively small and there was no coherent response associated with basin
type. Alternatively, latent variable factor loadings for minimum magnitude flow were much more
dispersed, with relatively similar loadings over broad geographic areas and the latent variables
themselves varying more smoothly though time (Figure 4.7). The latent variable factor loadings

for recession timing exhibited the greatest cohesion across river type (i.e., Trend 1, Figure 4.8).

4.5 DISCUSSION

River hydrology in western North America is driven by seasonal periods of wet and dry

conditions over an annual cycle. The strong latitudinal gradient in both temperature and
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precipitation, interannual fluctuations in global-scale atmospheric circulation processes, and
large elevation gradients make the West Coast of North America an interesting region to study
the relative influence of local-scale morphological versus regional-scale climactic in governing

patterns of hydrologic change.

4.5.1 Metrics capture important facets of the hydrologic regime

Dynamic, seasonal flow regimes support critical ecosystem processes such as
disturbance, habitat provisions, and native species life history cues. Distilling discharge regimes
down into key elements is a complex task, and as a result hundreds of metrics describing flow
regime have been proposed (Poff et al. 1997, George et al. 2021), many of which lack biological
relevance (Carlisle et al. 2017) or are redundant (Olden and Poff 2003) and lack consistent
relationships between flow and ecologic response (Webb et al. 2013). Here we selected a series
of discharge metrics that describe facets of the hydrograph timing, magnitude, and duration and
which have documented relationships with ecological, geomorphic, or biogeochemical processes
in riverine systems or socio-economic needs for water.

Overbank (flood) flows are a well-recognized functional flow component that supports a
broad suite of physical and ecological processes, including the maintenance of habitat
heterogeneity in space and time (Ward et al. 1998), providing cues for fish migration and
reproduction (Jeffres et al. 2008) and controlling patterns of riparian succession (Ward and
Stanford 1995). The baseflow, or low flow, period coincides with peak demand and the
agricultural growing season, and drought years can pose severe economic consequences for
farmers because of decreased crop yields (Jaeger et al. 2017, Banerjee et al. 2018, Al-Kaisi and
Kwaw-Mensah 2020). Low river flows and associated warm stream temperatures have a range of

ecological consequences for native fish such as Pacific salmon, including range contractions
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(Isaak and Rieman 2013), accelerated emergence of fry and an associated phenological mismatch
with available food resources (Steel et al. 2012), higher rates of metabolic stress, and increased
susceptibility to pathogens and disease (Goniea et al. 2006). Finally, spring recession flows can
provide cues for migration for native fish species, and Pacific salmon use high flows to migrate
upstream to areas suitable for spawning (Quinn and Adams 1996). Previous studies have largely
used Spring Pulse Onset (SPO) or Center of Timing (CT) to describe spring recession changes
(Stewart et al. 2005). This study, on the other hand, uses a flexible metric that describes the
transition timing from winter high flows to summer baseflows, and maintains ecological

significance across river class.

4.5.2 Trends in peak flows are driven by interannual variability in precipitation

Peak flow metrics showed limited monotonic change (Figure 4.4), strong regional
cohesion, and high interannual variability through time (Figure 4.6). Results for peak flow
metrics were closely tied to changes in TAP and MAP, with wetter conditions and larger
individual storms producing longer duration and larger magnitude peak flows (Table 4.1; Figure
4.5). The absence of monotonic changes is consistent with recent work that found limited change
to maximum flows (Kundzewicz et al. 2005, Burn et al. 2010, Kormos et al. 2016), despite
consistent model-based projections of increased flood magnitudes in western rivers (Wrzesien
and Pavelsky 2020, Chegwidden et al. 2020). Clustering of time series in particular geographic
regions of the domain (for example, coastal areas of WA, OR, and northern CA), the lack of a
coherent response associated with basin type, and the importance of MAP as a covariate suggest
that the primary mechanism that determines flood risks in certain climate categories is the spatial
distribution of winter storms. This is not to say that variability in catchment properties does not

play some role in determining flood risks. For example, for peak magnitude flows, snow-
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dominated and mixed basin MAP coefficients were smaller than those of rain-dominated basins
at similar latitudes (Figure 4.5). Additional regional conditions such as elevated soil moisture or
enlarged contributing basin area due to high temperatures likely account for the spatial cohesion
that exists even after accounting for precipitation effects (Ralph et al. 2013; Nied et al. 2013).
Such effects, however, appear secondary to storm track behavior affecting precipitation (Hamlet
and Lettenmaier 2007).

The dominance of precipitation variability as a driver of discharge across western North
America has been well documented (Nash and Gleick 1991, McCabe and Wolock 2011),
although relatively few studies have examined spatial variation in the role of precipitation
driving magnitude and duration of peak flows. Predictably, covariate coefficients in our study
illustrate that higher total and maximum precipitation led to larger maximum and longer duration
peak flows, with the largest precipitation coefficients in low latitude, rain-dominated basins
(Figure 4.5). Atmospheric rivers (AR) have been shown to be an important source of
intraseasonal and interannual variations in precipitation and discharge in the western United
States and contribute most of the total wet season precipitation (Dettinger 2013, Rutz et al.
2014). The effect of AR storms is particularly pronounced in low latitudes, with the majority of
winter precipitation occurring in just a few AR storms (Dettinger 2011, Rutz et al. 2014,
Gershunov et al. 2019). For California, year-to-year fluctuations in precipitation strongly reflect
year-to-year fluctuations of contributions from the largest storms, with the large-storm
contributions explaining about twice as much precipitation fluctuation as do contributions from
all remaining storms combined (Dettinger 2016). The small number of intense storms may
indicate that California river basins are less dependent on antecedent conditions such as soil

moisture (Ralph et al. 2013, Berghuijs et al. 2019) or total winter precipitation in generating
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flood conditions, and therefore flood events more closely vary with the single largest annual
precipitation event. Relatively low MAP coefficient estimates for mixed and snow-dominated
basins for peak magnitude likely occurred because, while correlated with total winter
precipitation, MAP does not account for temperature mediated cycles of melt and accumulations
that often contribute to maximum flows in snowmelt influenced basins (Fritze et al. 2011,

Gangopadhyay et al. 2019).

453 Trends in recession flow cluster by river type

Numerous studies have examined changes in snow over the western United States due
human-induced climate change using both empirical observations and model-based projections
(e.g., Cayan et al. 2001, Mote 2003, Regonda et al. 2005, Knowles et al. 2006, Das et al. 2009).
Formal detection and attribution studies have shown that anthropogenic climate change has
already increased winter temperatures and reduced the fraction of cold-season precipitation
retained in the spring snowpack (e.g., Barnett et al. 2008, Bonfils et al. 2008, Pierce et al. 2008).
Despite these clear climactic shifts, recession flow metrics in our study showed relatively limited
directional change through time (Figure 4.4). The paradox of clearly detectable trends in
snowpack but a limited discharge response is easily explained. Pierce and Cayan (2013) found
that snowpack metrics closely tied to precipitation (e.g., total cold-season snowfall) take decades
longer than those tied to temperature (e.g., fraction of snow in winter precipitation) to achieve a
statistically significant linear trend because precipitation has large natural variability and only a
weak anthropogenic trend in the western United States (Siler et al. 2013, Marshall et al. 2019).
Recession metrics included in this study are similarly tied to variable precipitation dynamics
(Figure 4.5). Recession timing, which is more strongly linked to temperature induced snowpack

melt in snow-dominated and mixed basins, exhibited relatively stronger trends as a result. These
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results mirror a recent study looking at trends in SWE across western North America, which
found that changes in melt timing have occurred more frequently and observably than changes in
total SWE accumulation (Musselman et al. 2021). The recession timing metric used in this study
represents the transition timing from the wet to dry season, characterized by a steady decline of
flows over a period of weeks to months. This metric differs from previous studies, which have
largely examined the start of snowmelt or center of streamflow timing to describe spring
recession changes in snow-dominated watershed and found more robust trends (Stewart et al.
2005). Taken together, these results indicate that spring recession characteristics are not
changing uniformly; new paradigms, such as a large snowpack that melts early, may develop as a

result.

454 Trends in minimum flows show large, widespread decreases

Trend analyses indicated large, widespread declines in low flow metrics across western
North America over our period of record. Nearly half of all gages showed significant changes to
minimum flow magnitude and a third showed significant change to minimum flow duration
(Figure 4.4). Widespread declines in summer discharge and lengthened duration of dry
conditions are consistent with previous trend analyses of regional hydrology (Luce and Holden
2009 p. 20, Kormos et al. 2016). Overwhelmingly, rain-dominated and mixed rivers shifted to
smaller magnitude and longer duration baseflow conditions. High latitude snow-dominated
basins generally experienced higher minimum flow magnitude, which can be explained by both
an increased contribution from melting glacial and permanent snow (Nolin et al. 2010) or, for a
select number of sites where minimum flow occurs in winter, an increase in precipitation falling

as rain rather than snow during these periods (Dierauer et al. 2018).
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Nearly all sites experienced a longer summer baseflow period, although trends are largest
where snowmelt is a negligible component of discharge. Generally, changes in minimum flow
duration and magnitude covaried with one another; indicating that when low flows were lower
(higher) than average, the duration of low flows also, in general, were longer (shorter) than
average. Similar to other metrics, minimum flow metrics showed regional cohesion in latent
trend loadings. However, the spatial extent of loadings was much larger than for peak magnitude
metrics. The broad spatial loadings of baseflow metrics indicates that mechanisms impacting
hydrological droughts occur over a larger spatial scale, with small-scale variations in
precipitation characteristics (e.g., individual storm events) not nearly as important as long-term
variability (Gaal et al. 2012).

Changes to baseflow metrics were closely tied to both summer soil moisture and TAP,
with the highest soil moisture loadings in mid-latitude rain-dominated basins and the role of TAP
most pronounced in snow-dominated, mixed, and low latitude, California rain-dominated basins
(Figure 4.5). Previous studies have largely found that the interannual variability in low flows is
dominantly controlled by precipitation, with higher annual precipitation leading to shorter, less
severe low flows (Godsey et al. 2014, Jenicek et al. 2016, Kormos et al. 2016). The role of
temperature is thought to be secondary; however, recent studies illustrate that droughts in
western watersheds can be amplified by warm temperatures that exacerbate the effects of
precipitation deficits (Diffenbaugh et al. 2015, Woodhouse et al. 2016). Our results align with
this framework for snow-dominated and mixed basins, wherein baseflow conditions and TAP
covary strongly. On the other hand, the importance of soil moisture in mid-latitude rain-
dominated basins potentially reflects the role of geology in mediating baseflow conditions in the

absence of snowpack. Soil moisture represents the combined influence of temperature,
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precipitation, and geologic context (Abatzoglou et al. 2018) and is recognized as an important
variable for land-climate interactions and extreme events (Seneviratne et al. 2010, Hirschi et al.
2011) as well as for hydrology and its extremes in the landscape (Van Loon 2015, Orth and
Destouni 2018). Mechanistically, the importance of soil moisture is explained by soil moisture
changes imply corresponding changes in groundwater table depth (Destouni and Verrot 2014). It
is also likely that soil moisture represents an integrated metric of precipitation and temperature
over a more representative period (i.e., summer) rather than the total or maximum metrics
calculated for temperature and precipitation and is therefore more reflective of summer water
availability in basins without snowpack as storage.

In our results, we saw that summer ENSO anomalies most strongly affect minimum flow
magnitude and PDO correlated with peak flow magnitude (Table 4.1). Both PDO and ENSO
phenomenon are defined by sea surface temperature anomalies, with the extreme phases
classified as being either warm or cool, as defined by ocean temperature anomalies in the
Northeast and tropical pacific. A primary difference between the two is that PDO captures
decadal-scale variability, whereas ENSO events tend to persist on the order of one year (Zhang et
al. 1997). Additionally, although both processes influence the entire Pacific, ENSO primarily
affects the climate of lower latitudes and PDO primarily affects the North Pacific region (Mantua
et al. 1997, Mantua and Hare 2002). Previous studies have found more widespread impacts,
including that during warm PDO and ENSO years, flood risks are generally lower in the Pacific
Northwest and northern California, and higher in southern California and the Columbia River

basin (Piechota et al. 1997, Dettinger et al. 1998, Gershunov and Barnett 1998).
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4.5.5 Caveats and limitations

We note several considerations when evaluating our results. In this study, we use the ratio
of SWE to winter precipitation to capture basin-specific differences in catchment properties.
Using this ratio ignores processes such geologic controls on groundwater discharge, which have
been shown to be an important influence across the study area in controlling both high and low
flows (Safeeq et al. 2013, 2014). Geologic data such as subsurface permeability and porosity is
available for all watersheds within the study area (Gleeson et al. 2014), and future work should
examine to role of geology in mediating river response to climatic drivers. Understanding the
role of basic characteristics such as vegetation cover may also be important, as increases in
evapotranspiration associated with increased longwave radiation are expected to contribute to
decreases in summer low flows in the region (Roderick et al. 2013). Furthermore, the long study
period, combined with a broad geographic region, limited covariate data availability to totals,
averages, or maximums across seasons and years. Conducting additional analyses with targeted
questions and nuanced metrics of climate signals may further elucidate mechanisms driving
streamflow and explain additional variability currently modeled by DFA latent trends.

At the scale of western North America, gridded datasets provide a rough approximation
of key hydroclimate variables such as soil moisture, precipitation, and temperature. However,
gridded data are averaged over considerable spatial heterogeneity, including complex
topography, and as a result estimated values may not always reflect local catchment conditions.
Simulated soil moisture is a highly simplified representation of actual conditions and will not
always accurately represent event-scale catchment conditions (Abatzoglou et al. 2018). More
complex, process-based models can be used to infer the importance of various drivers to

hydrological events, however, these models still come with substantial uncertainties (Zaherpour
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et al. 2018). Our decision to use relatively simple covariates averaged across a single year and
examine relative changes rather than absolute values enables detections of large-scale patterns
but likely smooths over watershed specific nuances at the event scale.

Lastly, it is important to note that this analysis was designed to identify major climatic
drivers of discharge across western North America, not to identify the most important individual
drivers within each basin. The DFA model selection process included covariates based on
average importance across all basins. Therefore, a covariate’s lack of inclusion in a best fit
model or poor overall fit (indicated by a high AIC value) does not necessarily indicate that this
process is unimportant to all rivers included in this study. Rather, it indicates that over the
average of all basins examined in this study, including the covariate did not produce the
necessary increase in overall model fit to warrant inclusion. Future studies could examine the
relative importance of various flood, drought, or recession generating mechanisms at an
individual site scale, to determine if results are consistent with our findings. Future work could
also examine shifts in the importance of different mechanisms over time, as our study assumes a

constant relationship through time (Milly et al. 2008).

4.5.6 Management implications

Our study provides an approximation of how physical and climate driver importance
varies across spatial scales and highlights that geographically localized interannual variation is
the dominant control on observed changes to discharge. Hydrologic research often considers
mean changes or trends through time (e.g., Cayan et al. 2008; Mote and Salathe 2010), however,
extreme events and interannual variability often affect natural systems more than mean changes,
particularly on local-to-regional scales. Water resources infrastructure must accommodate such

variability; however, aspects of the water supply system such as dams and reservoirs, are
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designed for present-day climate patterns and generally assume the probability of precipitation or
discharge extremes are statistically stationary (Milly et al. 2008). Additionally, although
organisms native to western North America may be adapted to seasonal disturbance regimes,
when coupled with high interannual variability even modest trends may push species outside
their tolerance limits. Looking forward, information on climate sensitivities of hydrologic
processes and patterns of clustering across rivers can be used as a tool to identify regions with
potential vulnerabilities to future climatic conditions and prompt additional research towards
understanding the complexity of river discharge regimes (Dettinger et al. 2015).

Shifts in hydrologic metrics across western North America have major implications for
the health of aquatic ecosystems. Our study identifies large, widespread decreases in baseflow
magnitude and increases in baseflow duration. These trends are likely to continue with climate
change. Dry spells are projected to lengthen in most regions, especially across the southern and
northwestern parts of the contiguous United States (Walsh et al. 2014), with the most
consistently projected increases being for the numbers of dry days in the southwest and up the
coast (Polade et al. 2014). Given the joint influence of precipitation and summer soil moisture in
our study, the most severe droughts will likely occur due to the combination of warm and dry
conditions, with temperature mediated decreases in soil moisture playing a more important role
in mid-latitude basins (Figure 4.5). Increased duration and severity of the summer baseflow
period portends difficulties for native fish and water resource management. Reduced summer
baseflow could lead to increased stream temperature that exceed the tolerance of native species
(Steel et al. 2019; Isaak et al. 2010), decreased habitat connectivity and reduced total habitat
availability (Lake 2003), and increased pollutant concentrations through decreased dilution

capacity (Mosley 2015). Furthermore, summer is the period of peak water consumption (Jaeger
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etal. 2017), and a reduction in summertime discharge will increase competition between
instream flow requirements and out-of-stream demands (Jaeger et al. 2013, 2017, Averyt et al.
2013).

Our results also indicated that precipitation that falls in a catchment has historically been
the dominant control on peak flows, compared to air temperature and global circulation metrics.
Across the west, climate models predict increasing year-to-year variability of precipitation,
whereas change in total precipitation is not projected with confidence (Luce et al. 2013,
Gershunov et al. 2019). Some studies project intensification of precipitation in the Pacific
Northwest and decreased precipitation in the southwest United States, consistent with a projected
poleward shift of mid-latitude storm tracks (Baker and Huang 2014, Wrzesien and Pavelsky
2020, Salathé 2006, Mbengue and Schneider 2013, 2017). Increase in heavy and extreme
precipitation have almost entirely been due to AR dynamics: years with many AR episodes, ARs
with higher-than-historical water-vapor transport rates increase, and AR storm-temperatures are
all projected to increase (Dettinger 2016). Due to their role in extreme precipitation generation,
ARs have been identified as the primary source of hydrologic flooding across western United
States, particularly along the Pacific Coast (Barth et al. 2017, Konrad and Dettinger 2017). Given
projected changes to precipitation variability, the high sensitivity of peak flow magnitudes to
MAP, as is supported by this study, suggests an increase in flooding despite limited monotonic
change in peak flow magnitude. Areas such as California and coastal Oregon, which exhibited
the largest MAP covariate coefficients in our analysis, may experience particularly severe and
frequent flooding, resulting in substantial ecological and economic impacts (Corringham et al.

2019).
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Our study also offers insights into best practices for hydrologic trend analyses. The
analysis of historical data to extract trends in hydroclimate data is a common practice in
hydrology (Burn and Hag Elner 2002). In this study, we first utilized the most common trend
analysis method, the Mann-Kendall test and Thiel-Sen slope estimator, to examine monotonic
changes in ecologically relevant hydrologic metrics. Our results, like many others, show patterns
of change consistent with theoretical predictions, but relatively few significant trends (Zhang et
al. 2001, Ehsanzadeh and Adamowski 2007, Ficklin et al. 2018). Several factors likely contribute
to this outcome. The Mann-Kendall and Theil-Sen trend tests are sensitive to oscillations within
the data, particularly for time series that are short relative to the cycle length of the oscillation
(Chen and Grasby 2009). Such oscillations are common in hydroclimate data influenced by
decadal and inter-decadal global circulation processes, and these patterns are particularly
pronounced for western North America. Furthermore, relatively weak trends, short time series,
and high interannual variability can contribute to the lack of detectability (Kundzewicz 2005).
Additionally, our analysis and others that utilize the Mann-Kendall trend test necessitate many
statistical tests. Multiple testing increases the chance of finding a statistically significant result by
chance alone. Estimates of significance should therefore be assessed in terms of general patterns
across all time series, rather than focusing on individual site results. DFA analysis overcomes
many of the limitations of the Mann-Kendall test by allowing for greater flexibility in trend form
and number. Individual trend tests consistent with the DFA framework can also be conducting by
modeling time series as biased random walks, with the bias term equivalent to the Thiel-Sen
slope estimator. Moving beyond monotonic trend analyses to detect regional patterns and

changes will be an essential step for western water management.
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Figure 4.2. Hydrographs of normalized mean daily streamflow for three seasonal flow
regime classes: snow, mixed, and rain, colored by state and ordered by latitude. Normalized
mean daily streamflow is shown on a linear scale. The black dotted line shows April 1%, which is

commonly considered the date of peak SWE across western North America.
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of the six metrics versus latitude. Points are colored by river basin type. All magnitude metrics
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Figure 4.7. Latent variables (top row) and factor loadings per latent variable for the best-
fitting model for minimum flow magnitude. Points are colored by their factor loading, where

their values indicate strength of latent variable association.
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Figure 4.8. Latent variables (top row) and factor loadings per latent variable for the best-
fitting model for recession flow timing. Points are colored by their factor loading, where their

values indicate strength of latent variable association.
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Table 4.1. Delta AIC values for each of the DFA models with covariates. The covariates

Latent Trends
No Covariates
Tmean

Tmax

PMEAN

Pmax
SoilsummEer

SoilwiNTER
PDOwinTER

PDOsummMmER
SOIWinter
SOISummer

included in each final best-fit model are shown in bold.

Hydrology Metrics
Peak Flow Peak Flow Min Flow Min Flow Recession Recession
Magnitude Duration Magnitude Duration Magnitude Timing
3 3 4 4 4 4
1494.7 1482.4 231.7 1452.3 324.0 378.7
1590.3 1401.3 226.5 510.5 437.8 242.2
1647.6 1336.8 198.1 1251.2 426.8 417.7
290.7 0.0 62.9 297.6 0 109.1
0.0 839.3 209.7 1175.1 238.5 158.3

1981.5 1068.0 0.0 0.0 316.0 0.0
2084.2 1469.6 241.4 1474.6 457.5 387.7
671.9 1500.5 234.4 1590.2 496.3 528.8
684.6 1622.2 272.6 1502.5 466.6 514.2
1661.3 1486.3 140.5 1590.2 4533 556.7
1645.2 1645.7 374.9 1502.5 473.1 519.1
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Chapter 5. EMPIRICAL STREAM THERMAL SENSITIVITIES
CLUSTER ON THE LANDSCAPE ACCORDING
TO GEOLOGY AND CLIMATE

5.1 ABSTRACT

Climate change is modifying river temperature regimes across the world. To apply
management interventions in an effective and efficient fashion, it is critical to both understand
the underlying processes causing stream warming and identify the streams most and least
sensitive to environmental change. Empirical stream thermal sensitivity, defined as the change in
water temperature with a single degree change in air temperature, is a useful tool to characterize
historical stream temperature conditions and to predict how streams might respond to future
climate warming. We measured air and stream temperature across the Snoqualmie and
Wenatchee basins, Washington during the years 2014-2021. We used ordinary least squares
regression to calculate seasonal summary metrics of thermal sensitivity and time-varying
coefficient models to derive continuous estimates of thermal sensitivity for each site. We then
applied classification approaches to determine unique thermal sensitivity regimes and to
establish a link between environmental covariates and thermal sensitivity regime. We find a
diversity of thermal sensitivity responses across our basins that differ in both timing and
magnitude of sensitivity. We also found that covariates describing underlying geology and
snowmelt were the most important in determining cluster membership. Our findings can be used
to inform strategies for river basin restoration and conservation in the context of climate change,

such as identifying climate insensitive areas of the basin that should be preserved and protected.
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5.2 INTRODUCTION

Climate change is modifying river temperature regimes across the world. As water
temperature is a critical component of aquatic ecosystems, these changes will alter the thermal
habitat of many lotic organisms (Daufresne and Bo&t 2007). To apply management interventions
in an effective and efficient fashion, it is critical to both understand the underlying processes
causing stream warming (Arismendi et al. 2014, Steel et al. 2017) and identify the streams most
and least sensitive to environmental change (Parkinson et al. 2016, Pyne and Poff 2017, Jackson
et al. 2018).

Empirical stream thermal sensitivity, defined as the change in water temperature with a
single degree change in air temperature, or the slope of the statistical relationship between air
temperature and water temperature, has been widely used to characterize historical stream
temperature conditions and to predict how streams might respond to future climate warming.
Thermal sensitivities reflect the combined influence of both spatially and temporally varying
meteorological and hydrological factors. Variation in solar radiation is the most important driver
of both air and river temperature, and as a result, air and river temperatures are typically
correlated (Johnson 2003). Stream temperature is also influenced by runoff composition where
snowmelt, surface runoff, or groundwater inflow entering the stream have different temperature
signatures than the stream itself (Webb and Zhang 1997, Mohseni and Stefan 1999). Inputs from
water sources such as snowmelt and groundwater upwelling decouple air and water temperatures
and result in a decreased thermal sensitivity of water temperature to air temperature (Tague et al.
2007, Mayer 2012, Johnson et al. 2014).

Generally, larger thermal sensitivities indicate that water temperatures are more likely to

track changes in air temperature (Isaak et al. 2016, Mauger et al. 2017, Isaak et al. 2018b);
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however, there are concerns about employing this approach to predict future stream
temperatures. Past studies have found that using empirical relationships for extrapolating to
future climate scenarios without accounting for underlying processes such as snowmelt,
groundwater, and thermal memory may provide inaccurate predictions of future stream
temperatures (Leach and Moore 2019, Steel et al. 2019). Furthermore, under changing climatic
conditions, the interrelations between air temperature and the other processes controlling stream
temperature may not remain stable (Arismendi et al. 2014). Despite these shortcomings, thermal
sensitivity remains a commonly used and straightforward tool that allows for comparison
between locations within rivers and has the potential to guide management.

The relationship between air and water temperature can also be a useful predictive tool
for hydrological processes. Thermal sensitivity has been used in the past to estimate areas of
shallow and deep groundwater influence (Snyder et al. 2015, Briggs et al. 2018) and understand
the role of snowmelt in modulating river temperature (Lisi et al. 2015, Winfree et al. 2018).
Furthermore, physical characteristics of basins can mediate how meteorological (e.g., solar
radiation, air temperature and precipitation) and hydrological (e.g., discharge and water source)
processes impact thermal sensitivity. For example, stream networks can exhibit patchy thermal
conditions due to spatially heterogeneous landscape attributes such as riparian shading, valley
form and aspect, and geology (Bogan et al. 2003, Benyahya et al. 2010). The thermal sensitivity
of stream may vary substantially over relatively small spatial extents, and large-scale models that
do not incorporate fine-scale variation in thermal sensitivity may not accurately predict thermal
habitat at ecologically relevant scales.

Both deterministic and statistical models have been used to study the relationship

between air and water temperature (Caissie 2006, Dugdale et al. 2017, Ouellet et al. 2020).
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Physical processes-based models are based on the balance of energy (heat) and mass (flow)
fluxes in a water body (Glose et al. 2017). Process-based approaches allow the identification of
the most important drivers in the heat budget of streams across timescales, improving the
resolution and accuracy of stream temperature predictions (Stefan and Sinokrot 1993, van Beek
etal. 2012, Wondzell et al. 2019). Issues exist with process-based modeling, including intensive
data and computational efforts, limited ability to generalize across basins, and difficulty
representing groundwater and subsurface flow paths. Statistical models are computationally
simpler with potentially minimal data requirements (Benyahya et al. 2007) facilitating prediction
at ecologically relevant spatial grains and extents. These models are appealing because of their
simplicity and limited requirement of meteorological and hydraulic data, while still being
characterized by high levels of explained variance in some basins. However, it can be difficult to
derive insights about river response to perturbations from statistical models as statistical
approaches rely on relationships that may not extrapolate well to future conditions (e.g.,
relationships may change between water temperature and covariates such as flow or the
composition and coverage of riparian vegetation and land use). Statistical models currently lack a
clear understanding of the relationships between derived model coefficients and important
watershed processes, potentially limiting their utility.

There is a need to better understand how thermal sensitives evolve throughout the year
and on river networks. A clearer vision of how thermal sensitivities vary will allow managers to
understand what a single snapshot in time or space may indicate. Identification of groups of
streams that share similar patterns of thermal sensitivity will also have management relevance.
Clusters of streams with similar thermal sensitivities will likely also share similar risk profiles;

managers may therefore tailor investment by streams within groups based on watershed specific
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influences (Mayer 2012). Examining whether these clusters are stable through time and season
can provide insight into how river thermal sensitivity may evolve under nonstationary air
temperature and precipitation regimes. This study aims to answer three questions across two
river basins: 1) What is the spatial and temporal distribution of commonly used air-water
temperature metrics across each basin? 2) What are the characteristic regimes of air-water
temperature correlations and how do they cluster on the landscape? And 3) What are the
landscape or climate factors that drive the decoupling between air and water temperature across

each basin?

5.3 METHODS

53.1 Study area

The Snoqualmie River begins as three distinct forks in the Mt. Baker Snoqualmie
National Forest and drains a 1,813 km? watershed on the west side of the Cascade Range,
Washington. The three forks originate in forested public land before converging and flowing
through a mix of agricultural, residential, and commercial land use. On one major tributary, the
Tolt River, a dam and a large reservoir provide drinking water for the City of Seattle. The
Wenatchee River drains 3,440 km? of the eastern Cascades before flowing into the Columbia
River. Although land use is similar to the Snoqualmie basin, wherein the headwaters originate in
forested public lands before flowing through a mix of agricultural, residential, and commercial
land use, forest density is generally lower in the eastern Cascades.

Both the Snoqualmie and Wenatchee basins have a Mediterranean climate with dry
summers and wet, mild winters influenced by proximity to the Pacific Ocean. The climate on the
east side of the Cascades is drier than that of the west side; however, the prevailing westerly

winds, which cross the Cascades, create temperature and precipitation gradients that vary widely
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across the Wenatchee basin. Precipitation occurs predominately from October to March. The
coldest month is typically January, whereas the warmest is July. Rivers have a mixed rain-snow
hydrology with substantial winter rain and spring snowmelt, although the Wenatchee basin
receives a greater proportion of winter precipitation as snow. Peak flow generally occurs during
winter in the Snoqualmie River and spring in the Wenatchee River. The Snoqualmie and
Wenatchee basins both have reaches where water temperature exceeds regulatory thresholds
established for salmonids that are protected by the U.S. Endangered Species Act (ESA). Both
basins support ESA-listed Chinook Salmon (Oncorhynchus tshawytscha) and Steelhead Trout
(Oncorhynchus mykiss) and the Wenatchee basin additionally supports populations of Bull Trout
(Salvelinus confluentus) and Sockeye Salmon (Oncorhynchus nerka).

Water temperature loggers (Nsno=42, Nwen=31) were installed throughout the
mainstems, on major tributaries and on a selection of minor tributaries for both the Snoqualmie
and Wenatchee rivers (Figure 5.1). Practical limitations forced sites to be publicly accessible, or
on private property with landowner permission, and within 1 km of a road. For this study, water
temperature was recorded using Onset Tidbit loggers every hour from October 1, 2014 through
September 30, 2021 in both basins. We hereafter use hydrologic years (1 Oct — 30 Sep) instead
of calendar years with the year of summer data as the year of reference. Air temperature data was
recorded using Onset Pendant loggers at all water temperature monitoring sites. Air temperature
was logged for subset of 11 (6) sites in the Snoqualmie (Wenatchee) basin beginning October 1,
2014, and for all sites beginning October 1, 2016 (October 1, 2018). Air loggers were placed on
trees along the stream bank, as close to the stream temperature loggers as possible. The air
temperature loggers were secured at approximately breast height on the north side of the trees

and solar shields were fashioned to house the loggers.
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5.3.2  Exploration of air-water correlation summary metrics

We calculated two summary metrics to characterize the relationship between air
temperature and water temperature. For each site, summary metrics are derived from linear
regressions between mean daily values of air and water temperature. The slope of this
relationship, the thermal sensitivity, indicates how sensitive a given stream’s water temperature
is to changes in air temperature. The strength of this relationship (R?) is an indicator of how well
water temperature can be approximated by air temperature and is calculated as the Pearson
correlation value between air and water temperature. Summary metrics were calculated
separately for each season. Seasons were defined as fall (October, November, December), winter
(January, February, March), spring (April, May, June), and summer (July, August, September).

We explored the relationship between warm-season (spring and summer) thermal
sensitivity and climatic variables including mean daily air temperature, total daily precipitation,
and snowmelt (defined as the snow water equivalent for a given day). Climatic variables were
obtained from gridded DAYMET data products (Thornton, M.M. et al. 2020) and calculated for
the upstream catchment of each monitoring station. In addition to climate variables, we explored
the relationship between thermal sensitivity metrics and basin properties, including mean
watershed elevation (MWE), watershed slope, distance upstream, percent riparian forest cover,

and substrate hydraulic conductivity. Covariate descriptions and sources are found in Table 5.1.

533 Spatially weighted clustering of thermal sensitivity

We obtained continuous estimates of thermal sensitivity using a varying coefficient linear
model. We used agglomerative hierarchical clustering to identify groups of stations where the

patterns in thermal sensitivity are similar over time. To estimate the spatial correlation while
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accounting for the directed river network structure, we weighted the distance matrix by a stream

distance-based covariance metric. Details of each step are provided in the following sections.

5.3.3.1 Varying coefficient linear model for the air-water relationship

To derive a continuous thermal sensitivity metric, we fit a time-varying coefficient model
(TVCM) to the original air and water temperature data. The TVCM is an effective tool for
exploring dynamic features of the sensitivity of water temperature with changes in air
temperature and uses a parametric linear model but with time-varying coefficients (Li et al. 2014,
2016). For a given site, we described the varying coefficient model for the air—water temperature
relationship as:

Ve =Bor + Xef1e + €t =1,..,T (5.1)
Where f; and f; rare varying intercept and slope coefficients. To estimate the time-varying
coefficients, we adopted an ordinary least squares kernel regression with the Nadaraya—Watson
estimator, where we fit a set of weighted local regressions with an optimally chosen window size
defined by the bandwidth, b, and the weights given by the kernel function (Hoover 1998, Casas
and Fernandez-Casal 2019). The kernel and its bandwidth control the level of smoothing by
adjusting the weight that the neighboring time points have on estimates at #. The bandwidth was

set a priori to ensure consistency across time series. We used the Gaussian kernel that is of the

%2
form k(x) = %n e 2. The varying intercept term represents the mean water temperature at time

t and the varying slope term represents the local sensitivity of water temperature to changes in air
temperature at time . We used the R package tvReg (Casas and Fernandez-Casal 2021) for
implementing the model.

We filtered subsequent temperature time series for site-years with >218 days (60% of the

year) and gaps of <8 days, yielding 250 site-years from 74 sites across both the Snoqualmie and
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Wenatchee basins. To capture the typical range and timing of thermal sensitivity at each site, we
created a single representative time series of thermal sensitivity at each site by calculating the
mean daily thermal sensitivity for each day of the year across all years of filtered data. We use

this average annual time series for subsequent clustering analyses.

5.3.3.1 Estimating a spatially weighted dissimilarity matrix

We developed a distance measure for our time series of thermal sensitivity and
incorporate spatial correlation between streams into the distance (Haggarty et al. 2015). The
general form of the proposed distance between sites x and y can be written as:

d5y = dyy,cov(hs) (5.2)
where d,, is the Canberra distance (Lance and Williams 1967) and cov(hy) is a valid stream
distance-based covariance matrix. The Canberra distance is used to measure the distance

between stream time series based on the time-varying slope time series and is defined below.

T
|xe — el
1=y Bl 59
xy o |xt| + |3’t|

To estimate a stream distance-based covariance matrix for stations on a river network, we
used the tail-down model that was introduced by Ver Hoef and Peterson (2010). Due to the
complex structure of the tail-down model, it is necessary to model spatial correlation on a river
network with a covariogram. To fit the tail-down model, we first computed the observed
pairwise covariances for all pairs of stations. Subsequently, we plotted these covariances against
lags (measured as stream distance) and binned at regular intervals to obtain an empirical stream
distance-based covariogram. To estimate the covariance between time series at each site, we
adopted a classic formula from Cressie (1993), which states that the estimated covariance

between stations x and y is given by
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cov(x,y) = Z e — E%IL{Yt — (5.4)

t=1
where x; and y; are the values of the variable (thermal sensitivity) at stations x and y at time ¢ and
T is the total number of discrete times. This results in a single value which summarizes the
covariance between the time series at the two stations over the period of interest.

We then used these point summaries of the covariance between pairs of curves to create
an adjusted covariogram cloud. We fit an exponential covariance function to this empirical
covariogram. Evaluating this model at the relevant stream distances resulted in an estimated
stream distance-based covariance matrix cov(h,). We used this new covariance matrix to weight

the dissimilarity matrix developed in Equation 5.2.

5.3.3.1 Agglomerative hierarchical clustering

We used agglomerative hierarchical clustering (AHC) to identify groups of stations
where the patterns in thermal sensitivity are similar over time using the hclust function in R (R
Core Team 2020). AHC is one of the most common clustering methods and has been used to
cluster river regimes (Olden et al. 2012, Maheu et al. 2016, Savoy et al. 2019, Isaak et al. 2020).
Each time series starts in its own cluster, and the hierarchy is built by repeatedly merging pairs of
similar clusters separated by the shortest distance (i.e., measured as the similarity between
individual times series) until all points are contained in a single cluster. To decide which clusters
are merged in every iteration, AHC uses a distance metric and a linkage criterion. We used
Ward’s minimum variance linkage method for clustering, where the distance between two
clusters is computed as the increase in the sum of squared differences after combining two

clusters into a single cluster. The shortest of these links (minimum increase in the sum of squared
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differences) that remains at any step causes the fusion of the two clusters whose elements are
involved.

A difficulty associated with cluster analysis is determining the most appropriate number
of clusters given the data because no a priori optimal number of clusters exists. Clusters can be
validated through internal cluster validity indices (CVI); there are a variety of CVIs, most of
which combine within cluster cohesion (intra-cluster variance) or between cluster separation
(inter-cluster variance) to compute a quality measure. There is no universally best CVI (Arbelaitz
et al. 2013), therefore we calculated a suite of five CVIs, including the Silhouette, Gap, Davies—
Bouldin, Calinski—Harabasz, and generalized Dunn indices, using the NbClust R package
(Charrad et al. 2014). A final number of clusters was determined by a majority rules approach
based on the optimal number of clusters suggested by each index (Table S5.2).

The stability of clusters was assessed by a bootstrapping approach where sites were
sampled with replacement and then AHC was performed on the resampled data using the fpc R
package (Hennig 2020). For each bootstrapped cluster, we assessed the similarity between each
new cluster and the most similar original cluster with the Jaccard index. The Jaccard coefficient
ranges from 0 to 1. Clusters with a coefficient larger than 0.75 were considered stable and
clusters with a mean Jaccard coefficient of less than 0.5 were considered unstable and may not
reflect a true pattern in the data (Maheu et al. 2016, Savoy et al. 2019). We repeated the
bootstrapping procedure 10,000 times; the mean Jaccard coefficient for each cluster is reported

in Table 5.2.

5.3.3.1 Identification o\f environmental drivers in thermal sensitivity

We used classification and regression trees (CART; Breiman et al. 1984) to investigate

the relative importance of climatic and physical drainage basin attributes for predicting each
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site’s degree of membership to each cluster. CART is typically used to attempt to predict
membership to clusters using environmental attributes, and it allows the modeling of nonlinear
relationships among mixed variable types and facilitates the examination of intercorrelated
variables in the final model (De’ath and Fabricius 2000, Olden et al. 2008). We took an
exploratory approach to this analysis due to our relatively small sample size (nwenatchee = 31,
Nsnoqualmie = 42), which limited our ability to conduct statistical tests. Therefore, we calculated
variable relative importance, defined as the sum of squared improvements at all splits determined
by the predictor. These values are scaled to sum to 100 (rounded). We used the R package rpart
(Therneau and Atkinson 2019) for implementing the CART model. Covariates examined are

described in Table 5.1.

5.4 RESULTS

54.1 General patterns in temperature, precipitation, and thermal sensitivity

The long-term average annual precipitation was 1874 mm (939 mm) for the western
(eastern) Cascades time series. For the western (eastern) Cascades, all years have average annual
temperatures higher than the long-term average of 8.6 °C (5.3 °C), although individual seasons
may be slightly cooler than average. Generally, the years spanned by our dataset were warmer
than the historical average, with wetter than historical average winter and fall months and drier
spring and summer months (Figure S5.1; Figure S5.2). The year 2015 stands out as a year with
an exceptionally warm winter, low snowpack, and dry spring. Temperature and precipitation
patterns in the western and eastern Cascades are generally similar, however, precipitation
anomalies are typically smaller in the eastern Cascades due to the overall lower precipitation in

this region (Figure S5.2).
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Summary metrics describing air-water temperature relationships exhibited substantial
variation across time (season and year) and space. Thermal sensitivities for all seasons and years
ranged from 0.05 to 0.97 with a median of 0.56 in the Snoqualmie basin and from 0.06 to 0.74
with a median of 0.42 in the Wenatchee basin over the sampling period (Table 5.2). Although
there was substantial overlap in thermal sensitivities across seasons, the overall distribution
varied (Figure 5.1). Thermal sensitivities for sites with consistent data coverage generally
followed the same trends across years (i.e., two sites will both be higher and lower in the same
years), patterns in thermal sensitivity estimates were not entirely consistent, highlighting the
importance of local influences that may shift year-to-year (Figure 5.2). Overall, weak and
inconsistent patterns emerge in summer between thermal sensitivity and landscape and climate
variables (Figure 5.3; Figure 5.4). Of the climate variables, precipitation and air temperature
display no relationships with thermal sensitivity (Figure 5.3). Snowmelt, however, appears to
play an important role in mediating thermal sensitivity. Generally, in years with a smaller
snowpack, thermal sensitivities are higher, although there is an asymptotic pattern where even
during very high snowmelt thermal sensitivities do not fall below 0.25 (Figure 5.3). For
landscape variables, a consistent negative relationship between thermal sensitivity, distance
upstream and mean watershed elevation exists (Figure 5.4). Riparian forests and thermal
sensitivity show no relationship for either basin. Hydraulic conductivity is weakly positive in the
Snoqualmie basin, and similar to watershed slope and elevation, the relationship appears
parabolic rather than strictly linear.

Time-varying thermal sensitivities can have periods of both high and low thermal
sensitivity within a season, which is not necessarily represented when looking only at seasonal

summary metrics. The thermal sensitivity varies strongly with water and air temperature within
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the Snoqualmie and Wenatchee basins (Figure 5.5 and Figure 5.6). Generally, thermal sensitivity
rises sharply in late spring, is highest in summer, declines slowly throughout the fall, and
remains depressed through winter and early spring. Sites in the Wenatchee appear to have a more

consistent seasonal signal than those in the Snoqualmie (Figure S5.4).

5.4.2  How do water temperature, air temperature, and thermal sensitivity cluster?

Spatially weighted AHC yielded four clusters for thermal sensitivity and two clusters for
air and water temperature in the Snoqualmie basin, and five clusters for thermal sensitivity and
two clusters for air and water temperature in the Wenatchee basin (Figure 5.5; Figure 5.6; Table
S5.2). For both basins, clusters of air and water temperature correspond closely with elevational
gradients. Higher elevation sites exhibit generally lower magnitudes but similar patterns in air
and water temperatures. In the Snoqualmie, air temperature clusters were stable, with a mean
Jaccard index of 0.91 for high elevation sites and 0.73 for low elevation sites. Water temperature
clusters were slightly less stable, with a mean Jaccard index of 0.65 for high elevation sites and
0.89 for low elevation sites. Air and water temperature clusters in the Wenatchee basin were
more stable than the Snoqualmie clusters. In the Wenatchee basin, air (water) temperature
clusters had a mean Jaccard index of 0.85 (0.86) for high elevation sites and 0.95 (0.73) for low
elevation sites.

Clustering patterns for thermal sensitivity were more complex (Figure 5.5; Figure 5.6).
Like clusters of air and water, clusters of thermal sensitivity were generally less stable in the
Snoqualmie basin than in the Wenatchee basin (Table 5.3). In the Snoqualmie basin, Cluster 1
consisted primarily of low elevation tributaries to the mainstem and Raging River that displayed
relatively stable thermal sensitivities throughout the year (Figure 5.5). This cluster was

moderately stable with an average Jaccard index of 0.68. Relatively few sites belonged to Cluster
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2 (n=5) and the distribution of sites within this cluster included three mainstem Snoqualmie sites
and two high elevation tributaries. Despite the large geographic distances separating sites, this
cluster was highly stable with an average Jaccard index of 0.88. Annual thermal sensitivity
patterns within Cluster 2 are defined by somewhat high mean thermal sensitivities and moderate
variability. Cluster 3 contained the largest number of sites (n=15), and sites were generally
located within the three forks of the Snoqualmie River. Sites in this cluster had the lowest
average annual thermal sensitivity. Lastly, Cluster 4 had the lowest stability of any cluster in the
Snoqualmie basin. Sites within this cluster were characterized by overall high thermal sensitivity
and relatively low variability. All five thermal sensitivity clusters in the Wenatchee basin were
relatively stable. Cluster 1, 2, and 3 all displayed similar seasonal patterns in thermal sensitivities
and moderate to high stability (mean Jaccard indices of 0.79, 0.86, and 0.79). Cluster 2 had the
lowest annual thermal sensitivities and primarily contained high elevation sites in the Chiwawa,
White, and Little Wenatchee rivers, while sites in Cluster 3 had the greatest variability in thermal
sensitivity through time. Cluster 2 consisted of a single site (Chumstick Creek) that was nearly
always assigned to a unique cluster when included in the bootstrapping procedure, therefore the
mean Jaccard index is 0.62. The thermal sensitivity for this site was quite low and virtually flat
throughout the year. Cluster 3 was very stable with a mean Jaccard index of 0.94. This cluster
contained primarily sites from tributaries lower in the basin (Peshastin and Mission Creek) and
waws defined by relatively high winter and spring thermal sensitives.

CART analysis indicated that basin topography and geology are the principal
discriminators of thermal regime clusters. The top predictors of cluster membership with a
greater than 10% increase in mean standard error if removed from the model were watershed

elevation and baseflow index in the Wenatchee basin and mean slope, watershed elevation, and
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soil depth in the Snoqualmie basin (Figure 5.7). The distribution of variable importance varied
between the Wenatchee and Snoqualmie basins, although in both basins many covariates had
similar relative importance values. Covariate distributions also varied across clusters. In the
Snoqualmie basin, Cluster 1 rivers were generally below an elevation of 600 meters, whereas
Cluster 3 rivers were generally mid-sized, high elevation sites with a low baseflow index. In the
Wenatchee basin, Cluster 4 sites were predominately located at high elevations and had steep
slopes and a large proportion of precipitation falling as rain. Sites in Clusters 2 and 3 were

generally low elevation sites with a high baseflow index and soil depth.

5.5 DISCUSSION

Study results illustrate that thermal sensitivity should not be treated as a static value, as it
varies throughout the year and reflects hydrologic conditions at a given time and place within a
watershed. Annual patterns in thermal sensitivity are largely controlled by underlying geology
and climate across two Pacific Northwest river basins. Overall, this study provides a framework
for utilizing thermal sensitivity regimes to improve understanding of factors contributing to
stream temperatures and will enable managers to target mitigation and adaptation activities to

work best with local conditions within a watershed.

5.5.1 Patterns of thermal sensitivity clustering

Our analysis of stream air and water temperatures supports the presence of distinct
thermal sensitivity regimes, providing an organizing framework for river research and
management by identifying sites with similarities across space. We identified four annual
thermal sensitivity clusters from 42 sites in the Snoqualmie basin, and five clusters form 31 sites

in the Wenatchee basin. Identified regimes differ in both timing and magnitude. Within both the
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Snoqualmie and Wenatchee basins, winter thermal sensitivities were low and varied strongly
with elevation (Figure 5.1). Low thermal sensitivities in winter are likely due to the non-linear
relationship between air and stream temperature at cold temperatures when air temperatures can
dip below the water temperature-freezing limit (Mohseni et al. 1998, 1999). Air temperature
covaries strongly with elevation in Pacific Northwest basins, and sites that are high in the
watershed will experience a greater number of sub-freezing days. Fall thermal sensitivities were
relatively homogeneous, whereas spring and summer thermal sensitivities varied substantially.
We expect thermal sensitivities to be similar during periods of heavy precipitation, when water
sources with thermal characteristics distinct from air temperature, such as groundwater and
snowmelt, contribute relatively less flow. The greater variability of responses in spring and
summer indicates that the processes controlling river temperatures are more diverse than in fall
or winter (Hrachowitz et al. 2010).

Thermal sensitivity regimes reflect non-redundant aspects of river dynamics. Air
temperature and water temperature clusters closely corresponded to one another and were almost
entirely determined by elevation of the temperature loggers, whereas thermal sensitivity clusters
showed more variability in annual patterns and were intermixed spatially (Figure 5.5; Figure
5.6). Air and water clustering results are consistent with previous studies that observed broad
temporal correspondence of air and river temperature dynamics with differing magnitudes of
response (Bower et al. 2004, Chu et al. 2010, Garner et al. 2014, Isaak et al. 2018a). More
locally, Isaak et al. (2020) found that across western rivers, much of the information in stream
temperature records could be summarized by a relatively limited number of distinct regime

components primarily driven by differences in elevation and latitude.
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Viewing thermal sensitivity as a continuous parameter adds novel insights to our
understanding of river basin functioning. Studies have highlighted the importance of changes in
the processes that drive heat budgets as well as the non-stationarity of the resulting statistical
relationships (Arismendi et al. 2014, Boyer et al. 2021). Our clustering analysis overcomes these
issues by utilizing a varying coefficient model that treats thermal sensitivity as a continuous
function through time, rather than a series of discrete summary metrics, and allows clustering
based on the entirety of annual average annual patterns. Varying coefficient models are useful in
situations where there is a substantial amount of variability in water temperature that is not
accounted for by air temperature but might be related to unmeasured factors that shift over time
(Lietal. 2014, 2016). The observed complexity in thermal sensitivity response hints at the
diversity of physical processes controlling stream temperature response and the large, clear shifts
in thermal sensitivity magnitude across the year calls into question the common practice of
summarizing a river’s sensitivity as a static value. The ability to directly observe shifts in the
air-water temperature relationships also opens the possibility of using thermal sensitivity as a
diagnostic tool to examine gradual changes in the importance of drivers of water temperature,

such as dynamic changes in riparian shading or snowmelt.

5.5.2  Importance of underlying geology for thermal sensitivity

Geologic characteristics shaped the relationship between air and water temperatures
across the Wenatchee and Snoqualmie basins. The inclusion of baseflow index, hydraulic
conductivity, and soil depth in determining cluster membership (Figure 5.7) implies the
importance, and detectability, of groundwater as a key mediator of thermal sensitivity regimes in
Pacific Northwest basins. Clusters with high baseflow index, hydraulic conductivity, and soil

depth values generally had lower summer and less variable thermal sensitivities (Figure 5.5;
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Figure 5.6; Figure 5.7), implying greater groundwater influence (Kelleher et al. 2012).
Interestingly, despite the clear importance of groundwater metrics in the clustering analysis,
results from summary metric regressions were mixed and, in the Snoqualmie basin, did not align
with expectations of a negative relationship between thermal sensitivity and groundwater
influence (Figure 5.4). Although it is possible to infer broad patterns in surface-groundwater
connectivity based on the geologic context of a basin and datasets of interpolated metrics
describing properties of geology (i.e., hydraulic conductivity, soil depth) or water source (i.e.,
baseflow index), individual metrics often have substantial uncertainty, do not covary perfectly,
and may be particularly unconstrained for mountain headwater streams (Wolock et al. 2004,
Patton et al. 2018, Briggs et al. 2022). Additionally, the influence of these processes can be
localized and variable across space (Johnson et al. 2017). The ability to use thermal sensitivity as
an empirical measure of groundwater influence, therefore, shows great promise for
understanding catchment processes and informing management and restoration actions at
ecologically relevant scales.

Geology across the Snoqualmie and Wenatchee basins supports our conclusion that low
thermal sensitivities are indicative of groundwater inputs. The lowland portion of the
Snoqualmie watershed contains a deep, permeable, productive glacial aquifer that is presumed to
be the source of summer baseflow to much of the river (Bethel 2004, McGill et al. 2021, Turney
et al. 1995). Glacial and interglacial deposits in the valley contain several geohydrologic units
with differing aquifer potential (Bethel 2004); however, most deposits can form small but
useable aquifers that could be helping to sustain baseflow in summer months (Turney et al. 1995,
Soulsby et al. 2004, Blumstock et al. 2015). Soil depth, hydraulic conductivity, and baseflow

index were correspondingly high in streams that overlay the lower portion of the watershed
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(Figure 5.7). Thermal sensitivities reflected this pattern, wherein generally sites draining low
elevation tributaries (Cluster 1) had relatively constant thermal sensitivities throughout the year
(Figure 5.5). Conversely, the upper portion of the Snoqualmie basin is covered by thin soil over
impermeable bedrock lacking extensive fracture networks, meaning that rain and snowmelt are
not retained in the mountains but are rapidly transmitted to the stream system (Debose and
Klungland 1964, Nelson 1971, Goldin 1973, 1992). Sites with catchments predominantly within
this upland area tended to belong to Clusters 2 and 3 and displayed high summer thermal
sensitivities, indicating limited groundwater influence.

Geology in the Wenatchee basin is predominated by low permeability igneous and
metamorphic bedrock in the upland perimeter areas and by sedimentary bedrock deposited
within the Chiwaukum Graben structure that forms the more central and lowland areas (Wildrick
1979, Montgomery Water Group 2003). Two major aquifers exist in the Wenatchee basin: an
aquifer within the sedimentary bedrock of the central and lowland areas and an overlying
unconsolidated alluvial and outwash aquifer located primarily in river valley bottoms across the
basin (Montgomery Water Group 2003). The bedrock aquifer consists of sandstones and shales,
which tend to have moderately low permeability. Folding and faulting have caused the shale to
break up or fracture and groundwater moves preferentially within these zones of higher
secondary permeability. The alluvial and outwash aquifers, on the other hand, exhibit relatively
high permeability where groundwater can move easily and are considered the primary
groundwater source (Wildrick 1979, Montgomery Water Group 2003). Cluster 2 in the
Wenatchee basin, consisting of a single site located at the mouth of Chumstick Creek, stands out
for having a unique, nearly flat pattern compared to patterns in other sites (Figure 5.6). Covariate

distributions for the clustering results showed that Chumstick Creek has a relatively high
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hydraulic conductivity and baseflow index (Figure 5.7; Figure S5.5). A transition from low to
high permeability glacial material occurs near the mouth of Chumstick Creek (Montgomery
Water Group 2003), and it is possible that substantial groundwater discharge occurs near this
discontinuity (Neff et al. 2019). Similarly, sites within Cluster 3 showed low variability in
thermal sensitivity and had high soil depth and baseflow index values. Streams within this cluster
are situated on top of predominantly sandstone bedrock (Frizzell 1979, Gendaszek et al. 2014).
Overall, the importance of groundwater is consistent with previous studies, which
broadly find that thermal sensitivity decreased with increasing groundwater contribution
(O’Driscoll and DeWalle 2006, Chang and Psaris 2013, Beaufort et al. 2020, Georges et al.
2021). The degree to which groundwater decouples trends in stream and air temperature depends
on stream depth, the rate of groundwater inflow, and the depth of groundwater source. Although
not examined in this study, aquifer source and groundwater depth likely influence thermal
sensitivity estimates, with runoff sourced from deep groundwater being less variable and less
sensitive in comparison with groundwater sourced from shallow sub-surface flows (Tague et al.
2007, Johnson et al. 2021, Hare et al. 2021). Shallow groundwater temperatures are already
responding to climate change (Menberg et al. 2014). As warming continues, the summer cooling
capacity of groundwater may be reduced, limiting the availability of cold-water refugia patches

sourced by groundwater (Brewer 2013, Briggs et al. 2013).

553 Climate controls on thermal sensitivity

Although the ratio of precipitation falling as snow showed limited variable importance,
elevation and slope covary closely with snow accumulation and were among the most important
predictors of cluster membership, perhaps masking a statistical signal of snowfall (Figure 5.7). In

both the Snoqualmie and Wenatchee basins, clusters with higher elevation, steeper slope, and
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greater snowmelt within the catchment had thermal regimes that were less sensitive to changes in
air temperature during spring and early summer. Generally, the relationship between snowmelt
and thermal sensitivity formed a wedge-shaped pattern, wherein sites with limited snowmelt
displayed both high and low thermal sensitivity, but sites with extensive snowmelt always
display low thermal sensitivity (Figure 5.3). Importantly, snowmelt buffering diminishes
throughout the summer, and by late summer high elevation, snowmelt influenced sites were
often more sensitive to air temperatures than their low elevation counterparts (Figure 5.5; Figure
5.6). Sites within Cluster 4 in the Wenatchee basin were an exception to this pattern and
maintained summer thermal sensitivities that were substantially depressed relative to adjacent
locations (e.g., Clusters 1 and 5). This is likely due to glacial inputs within these catchments, and
points to the importance of high elevation glacial and late-summer snowpack melt as a
significant source of summer baseflow and control on water temperatures during the months of
greatest heating within these watersheds.

Numerous studies have examined the buffering impact of snowmelt on water temperature
due to advective flux from cooler meltwater entering the river. Studies in Alaskan rivers found a
linear, negative relationship between summer thermal sensitivity and snowmelt (Lisi et al. 2015,
Cline et al. 2020) and a recent study in the Snoqualmie basin found that snowmelt can reduce
basin-wide peak summer temperatures, particularly at high elevation tributaries, and the thermal
impacts of melt water can persist through the summer (Yan et al. 2021). Our results suggest that
snowpack offers substantial buffering to changes in air temperature across mountain river basins,
but that the largest impacts are localized across space and time. Climate change is expected to
shift snowmelt earlier and reduce snow water resources (Barnett et al. 2005, Musselman et al.

2021). The loss of snow may result in warming in snow-influenced systems and the subsequent
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homogenization of thermal conditions across basins (Winfree et al. 2018). Homogenization of
thermal conditions likely leads to important changes in ecological functions and ecosystem
services supported by lost thermal heterogeneity, such as a loss of cold-water patches for Pacific

salmon (Brennan et al. 2019).

5.5.4  Landscape controls on thermal sensitivity

Variable relationships between thermal sensitivities and site characteristics highlight
complexities in stream thermal regimes. Steeper channel slopes and greater stream velocities
limit warming in streams by decreasing the time for equilibration with local heating conditions
(Donato 2002, Webb et al. 2008, Isaak et al. 2012). Topographic shading associated with steep
watersheds can suppresses stream temperature by reducing exposure to solar radiation (Webb
and Zhang 1997). In the Wenatchee basin, the Cluster 3 site, Chumstick Creek, drains a steep
canyon. This may contribute to observed low, stable thermal sensitivities throughout the year.
Additionally, watershed size and distance upstream covary closely and displayed relatively
consistent relationships with summer thermal sensitivity summary metrics despite ranking
moderately in variable importance. We expected thermal sensitivity to increase with river size;
groundwater influence should be more visible on smaller streams because the volume of water is
small and the travel time of the water from the source is short and not sufficient to equilibrate
water temperature with the atmosphere (Mohseni and Stefan 1999, Tague et al. 2007, Beaufort et
al. 2016). Reduced sensitivity of headwater streams to air temperature was observed in the
Aberdeenshire Dee, Scotland (Hrachowitz et al. 2010), and River Danube, Austria (Webb and
Nobilis 2007), and small Pennsylvanian streams were shown to be less sensitive to changes in air
temperature than larger streams (Kelleher et al. 2012). However, Hilderbrand et al. (2014) found

no relationship between thermal sensitivity and watershed size.

150



We expected land cover characteristics such as open water and forest cover to be
important predictors of thermal sensitivity regimes, however, land use was of limited variable
importance and showed inconstant relationships with summary metrics (Figure 5.4; Figure 5.7).
Several factors may account for this. Inherent covariation in river basins can hinder statistical
efforts to identify mechanistic links between landscape gradients and features of aquatic
ecosystems (Lucero et al. 2011); land cover characteristics may have a small impact that went
undetected due to noisy observations. It is also possible that land cover metrics may not
adequately describe the intended process. For example, the relative unimportance of shading may
be due in part to our metric of shade, which was limited to riparian and catchment forest cover
and ignored topographic shading or vegetation height. Lastly, human modifications to the river
that are not captured by land cover statistics, such as channelization or the presence of dams and
reservoirs, may alter thermal sensitivity and obscure natural gradients. For example, areas of the
river that are degraded and subsequently disconnected from their floodplain may have artificially
high thermal sensitivities, and the release of water from dams and reservoirs has the potential to
either warm or cool downstream temperatures, depending on dynamics of where and how
impounded water is released (Ahmad et al. 2021, Cheng et al. 2022). Future research could
include covariates sinuosity or variance of thalweg depth to better capture these effects.

Untangling exact controls will require additional research.

555 Caveats and limitations

Due to the nature of data collection, time series of both air and water temperature used in
this analysis have periods of missing values that span weeks to months. Classical clustering
techniques require complete datasets, limiting analyses to time series without gaps. To overcome

this issue, we calculated a single representative time series at each site that captures the typical
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range and timing of thermal sensitivity. Alternative options for dealing with missing values
include removing data points that do not cover the target time period or imputing missing values
by means of statistical procedures or summary metrics (e.g., Savoy et al. 2019, Beaufort et al.
2020). However, we chose not to use these approaches in our study due to the long and
inconsistent periods of missing values across sites. We acknowledge that interannual variability
in precipitation and temperature impacts river thermal sensitivity, and average time series
calculated from differing years may exhibit differences in shape and timing for reasons outside
of inherent characteristics. Future studies could use novel clustering methods capable of dealing
with sparse datasets, which would provide more detailed information on clusters generated from
time periods with robust values versus data scarcity (Carro-Calvo et al. 2021). Alternatively,
recent advances in space-time imputation for river basins may prove a fruitful direction (Li et al.
2017).

Our calculation of time-varying thermal sensitives also necessitated decisions regarding
what features of the time series to preserve. Selection of the bandwidth parameter and kernel
function for the time varying model will impact estimation of thermal sensitivity and intercept.
Generally, with larger bandwidth estimates or averaging periods (e.g., daily, weekly, monthly),
intercept estimates increase and thermal sensitivity estimates decrease. Decisions of this nature
should be approached carefully and with a clear question in mind. For this study, we were
interested in seasonal to annual patterns in thermal sensitivity, and thus chose a relatively large
bandwidth, resulting in a smooth time series. Previous studies have also used regression splines
to estimate the time varying relationship between air and water temperatures (Haggarty et al.
2015). This approach smooths data and can account for missing data but may not preserve small-

scale features of interest. We chose to use absolute values of our thermal sensitivity time series,
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as we cared about differences in mean thermal sensitivity as well as correlated variability. Future

work could normalize thermal sensitivity time series first to examine only patterns.

5.5.6  Implications for management and future directions

Classifying rivers based on thermal sensitivity could be a powerful tool when planning
for global change. Our results show that annual patterns in thermal sensitivity are diverse and
controlled by underlying geology and climate across two Pacific Northwest river basins. Climate
change is decreasing snowpack in the region, resulting in earlier runoff and extended summer
baseflow (Elsner et al. 2010, Wu et al. 2012), and may decrease groundwater discharge
depending on sources and timing of recharge (Brooks et al. 2012, McGill et al. 2021).
Furthermore, high thermal sensitivities in late summer, during the hottest part of the year, and in
high elevation streams, which are typically thought to be climate refuges, is troubling for the
conservation of native species such as Pacific salmon (Mantua et al. 2010; [saak et al. 2016).
Climate change will likely decrease juvenile rearing and spawning habitat quantity and quality,
although it is important to note that streams with high thermal sensitivity may still provide
adequate habitat in select portions of the year if stress-related thresholds are not exceeded
(Armstrong et al. 2021). Examining thermal sensitivity regimes improves understanding of
factors contributing to stream temperatures and may enable managers to target mitigation and
adaptation activities to work best with local conditions, thus maximizing benefits given limited
resources. For example, given the importance of subsurface geology within the Wenatchee and
Snoqualmie basins, targeted actions to restore floodplain functions that recharge aquifers through
actions such as placing engineered logjams or reintroducing beavers could be prioritized (Abbe
and Brooks 2013, Pollock et al. 2014). Additionally, identification of particularly insensitive

portions of the river could help to better constrain areas where coldwater patches exist that may
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be used as refuges for coldwater fish (Snyder et al. 2020). This process-based approach will be
particularly important as non-stationary relationships caused by climate change make it
unreliable to use past regressions built under historical climate conditions (Boyer et al. 2021).
As longer, more spatially extensive air and water temperature time series become
available (Isaak et al. 2017), we can begin to ask questions about 1) the spatial extent of different
thermal sensitivity regimes, 2) how interannual variability shifts with climate conditions, and 3)
detect changes in the drivers of thermal sensitivities with more precision than has previously
been possible. Furthermore, we can also begin to ask questions about how commonly rivers shift
between regimes, what external drivers lead to these shifts, and the extent to which shifts are
periodic, sustained, or reversible. Such insights will vastly improve our understanding of lotic
ecosystems while offering a suite of new tools for monitoring the impact of management

decisions and climate change.
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Figure 5.1. A map of the Snoqualmie (A) and Wenatchee (B) basins water and air
temperature monitoring sites and the most downstream USGS gage for each basin. Thermal
sensitivity, defined as the change in water temperature with a single degree change in air

temperature, versus mean watershed elevation for each site-year combination (C).
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least 6 years of data) for all seasons throughout the sampling timeframe. The color of each point

corresponds to the mean watershed elevation
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Figure 5.3. Spring thermal sensitivity values for all site-year combinations in the Snoqualmie

and Wenatchee basins versus total snow water equivalent in spring and summer (A),

precipitation (B), and air temperature (C) from gridded DAYMET data for each sampling point.

Points are colored by basin. Basins that have no snowmelt in a given year are not shown on

graph (A).
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Stream or Theoretical
watershed relationship
attribute with Explanation Observed Relationship in Summer
(covarying thermal
variables) sensitivity
Watershed slope Negative e Increased snowmelt and cooling due to faster Sroquainie Wenaiches
+elevation velocity water movement and shorter water 2
+dist upstream residence time (Winfree et al. 2018). 3
— soil depth e Topographic shading associated with steep ie;
watersheds suppresses stream temperature by 3
reducing exposure to solar radiation (Webb and 2
Zhang 1997). g .
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elevation accumulation and greater proportion of snowmelt z
+slope in spring. 3°
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— soil depth with low winter snow accumulation. E
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radiation and atmospheric energy flux is higher in
low gradient watersheds with slower streamflow
velocities (Poole and Berman 2001).
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Percent riparian
forest cover
+% forest cover
— watershed size

Negative

¢ Riparian vegetation provides shading to streams,
reducing exposure to solar radiation (Webb and
Zhang 1997), particularly during summer base
flows.

e Forest canopy can influence snow accumulation
within a watershed and snowmelt contribution to
streams. Low density forests accumulate more
snow relative to high density forests (Varhola et al
2010).

e Conversion of forested land area can accelerate
runoff and reduce infiltration, warming surface
flows before they reach stream channels (Naiman
et al. 2005; Nelson and Palmer 2007).
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Snogualmie

Wenatchee

Mean

50 60 70 80 90
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Hydraulic
Conductivity
+baseflow index

Positive

¢ Hydraulic conductivity refers to the ability of a
geologic material to transmit water.

¢ Relatively high hydraulic conductivity material
would be represented by something like
unconsolidated alluvial sands and gravels.

¢ High hydraulic conductivity is typically associated
with areas of greater groundwater activity and
lower, more stable thermal sensitivity values.
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Figure 5.4. The relationship between landscape variables and thermal sensitivities in summer. See Figure S3 for a detailed
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sensitivity (D) in the Snoqualmie basin. The spatial distribution for Colored lines indicates mean

average annual values for each cluster, and gray lines denote average annual values for each site
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Figure 5.5. Average time series (A) and spatial clustering results (columns/colors indicate
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Figure 5.6. Average time series (A) and spatial clustering results (columns/colors indicate

unique clusters) for average annual air temperature (B), water temperature (C), and thermal

sensitivity (D) in the Wenatchee basin. The spatial distribution for Colored lines indicates mean

average annual values for each cluster, and gray lines denote average annual values for each site

within a given cluster.
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Figure 5.7. Relative variable importance for all covariates in the Snoqualmie (A) Wenatchee
(B) basins, and the distributions of variables for the four most important variables (C) in the
Snoqualmie basin (Mean Slope, Elevation, Soil Depth, and Baseflow Index) and in the
Wenatchee basin (Elevation, Baseflow Index, Mean Slope, and Hydraulic Conductivity). Boxes
are grouped and colored by cluster membership. See Figure S5 for plots of the remaining relative

variable importances.
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Table 5.1. Physical environmental data and basin characteristics used to predict air-water

clusters.
Variable Category Units Data Source
Watershed area Basin Topography km? Hill et al. 2016
Watershed elevation Basin Topography m Hill et al. 2016
Avg. stream slope Basin Topography mm’! Hill et al. 2016
Distance upstream Basin Topography km Hill et al. 2016
% Watershed forest Land Use % Hill et al. 2016; Dewitz et al.
2019

% Riparian forest Land Use % Hill et al. 2016; Dewitz et al.
2019

% Lake area Land Use % Hill et al. 2016; Dewitz et al.
2019

Avg. Temperature Climate C Hart and Bell 2015

Avg. Precipitation Climate mm Hart and Bell 2015

Avg. % precip as snow Climate % Hart and Bell 2015

Baseflow index Geology % Hill et al. 2016; Wolock
2003

Hydraulic conductivity Geology % Hill et al. 2016; Olson and

Hawkins 2014
Soil depth to bedrock Geology cm Hill et al. 2016; Carlisle et
al. 2009
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Table 5.2. Air water correlation summary metrics by basin and season.

Snoqualmie Fall
Winter
Spring
Summer
Wenatchee Fall
Winter
Spring

Summer

Thermal Sensitivity R?
Min Median Max Min Median Max
0.22 0.59 0.79 0.58 0.93 0.99
0.05 0.39 0.71 0.20 0.88 0.96
0.26 0.59 0.97 0.67 0.90 0.98
0.19 0.55 0.95 0.41 0.88 0.97
0.40 0.56 0.74 0.74 0.92 0.98
0.05 0.28 0.47 0.44 0.86 0.95
0.14 0.40 0.72 0.59 0.90 0.98
0.06 0.44 0.66 0.08 0.85 0.96
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Table 5.3. Metrics averaged for all sites within each thermal sensitivity regime determined

with the spatially weighted agglomerative hierarchical clustering.

Basin Cluster # Sites Mean Thermal Thermal Cluster
Sensitivity Sensitivity Range  Stability
Snoqualmie 1 11 0.50 0.71 — 0.35 (0.36) 0.68
2 5 0.52 0.86 —0.32 (0.54) 0.88
3 15 0.40 0.80—-0.12 (0.67) 0.67
4 11 0.65 0.98 — 0.35 (0.63) 0.55
Wenatchee 1 7 0.39 0.73 -0.19 (0.54) 0.79
2 1 0.27 0.30 —0.23 (0.06) 0.62
3 7 0.40 0.62 —0.19 (0.44) 0.94
4 8 0.29 0.58—-0.11(0.47) 0.86
5 8 0.35 0.74 — 0.09 (0.65) 0.69
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Chapter 6. CONCLUSION

River networks are complex systems. Their ecological and economic importance,
particularly across the Pacific Northwest and western North America, necessitates careful
treatment with considering potential future trajectories with respect to climate change, land use
modification, and population growth. To simultaneously maintain ecosystem services and health
in the face of anthropogenic impacts, we need to understand drivers and changes to hydrology
and temperature regimes, and develop a suite of inexpensive, broadly applicable tools that
resource managers can use to understand which river basins, which parts of those basins, and
which times during the annual cycle may be at most risk in the future.

At its core, my dissertation research answers questions relating to how we understand,
describe, and model current and future river hydrology at the local and regional scales. My
dissertation strives to match mathematical and statistical methods to existing questions in
hydrology, and to examine how multiple approaches can be integrated to reduce error and arrive
at robust understanding and predictions. Although general conclusions can be drawn, any answer
necessarily demands consideration of the specific context. There is no one size fits all approach
in quantitative analyses of ecological systems; when creating management recommendations, it

is necessary to acknowledge and embrace complexity and uncertainty.

6.1 CHAPTER CONCLUSIONS

Major conclusions of each chapter are as follows:

1. Across basin patterns in stable isotopes of surface water:
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a. Elevation was the dominant predictor of isotope ratios across five Pacific

Northwest basins, but the importance varied across basins and depended on
geographic location, landscape attribute configuration, and basin size.
Incorporating spatial structure through the SSNM framework captured aspects of
water isotopic variation even in basins where variance explained by covariates
was high but was particularly important to consider in areas where covariates
explained the least of the isotopic variation.

Basin-specific models that include spatial structure improve accuracy of surface-
water isoscapes for understanding hydrologic function, interpreting source

contributions downstream, or assisting in basin management.

2. River water sources throughout the year:

a.

Stable isotope ratios in river water related strongly to elevation throughout the
year; seasonal variation in isotope ratios was present and reflected hydrologic
processes.

Relatively depleted isotope ratios in spring reflected the input of snowmelt into
the river. Enriched baseflow isotope ratios suggest that groundwater is sourced
from low elevation glacial deposits and recharged by winter precipitation.

Stable isotopes of surface water can be used to understand water source dynamics
and provide insights into management strategies. For example, in the Snoqualmie
basin, management strategies could focus on actions to restore floodplain

functions that recharge aquifers to preserve late summer baseflow.

3. Long term trends in hydrologic metrics:
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a.

Relatively few basins displayed monotonic trends in discharge metrics, although
baseflow metrics showed more substantial and widespread changes.
Geographically localized interannual variation was the dominant control on
observed changes to streamflow, rather than variability corresponding to river
type or monotonic changes.

Mean annual precipitation that falls in a catchment has historically been the
dominant control on measured facets of river hydrology, compared to air

temperature and global circulation metrics.

4. Spatially-weighted clustering of thermal sensitivities:

a.

The sensitivity of stream temperatures to variation in air temperature exhibited
substantial seasonal and interannual variation, calling into question the utility of
the widespread practice of using stationary thermal sensitivity values to
extrapolate to future climate conditions.

Clustering results varied substantially between air temperature, water temperature
and thermal sensitivities, illustrating that thermal sensitivity regimes reflect non-
redundant aspects of river dynamics.

Groundwater was an important and observable mediator of thermal sensitivity

regimes in Pacific Northwest basins.

6.2 UNDERSTANDING DRIVERS OF RIVER REGIMES ACROSS SCALES

Drivers of physical river dynamics are numerous, with multivariate controls and process

interactions spatially nested at macro (e.g., PDO, ENSO, latitude), regional (e.g., temperature,

precipitation), and local (e.g., elevation, channel geometry, riparian shading, geomorphic

context) scales. Findings in my dissertation are statistical in nature, however, whenever possible
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I attempted to create a process-based understanding of causes of patterns in hydrologic regimes.
Previous work in western North America identified elevation as it relates to snowpack dynamics
as the primary control on streamflow sensitivity to warming. However, Chapter 4 shows that on
the time scale of decades, interannual variability in mean annual precipitation has historically
been the dominant control on measured facets of river hydrology. Chapters 3 and 5 illustrate the
importance of geology, in addition to snowpack dynamics, in controlling patterns of water source
and thermal sensitivity in Pacific Northwest river basins. River drainages may express a range of
reactions to the same environmental forcing due to their geomorphic complexity, as basin
morphological characteristics are the local-scale lens through with climatic changes will be
filtered and translated into streamflow. My dissertation research emphasizes that along with
changes in the timing of snowpack accumulation and melt, streamflow is also dependent on
interannual variability in climate and intrinsic, geologically mediated differences in the
efficiency of landscapes in storing and transforming recharge into discharge.

It is important to note that as climate change progresses, precipitation, temperature, and
snowpack dynamics will continue to shift. Statistical relationships are not necessarily stationary
in time, and hydrologic features that once existed may change or disappear entirely. Interactions
between climate and landscape variables are complex and depend on spatial and temporal
relationships of network location and water source dynamics. Integrating statistical insights with

process-based modeling may provide an avenue forward for untangling these interactions.

6.3 MODELING SPATIAL DATA WITHIN AND ACROSS WATERSHED

In this dissertation, I look across the scale of continents to kilometers, and spatial
autocorrelation is present in every study. Autocorrelation within a variate (e.g., water

temperature) is created by both atmospheric processes and landscape characteristics and can be a

169



powerful tool for resource management if properly accounted for. For example, Chapters 2 and 3
show that the combination of west-to-east movement of airmasses and orographic rainout create
a consistent gradient of water isotope ratios in western Washington basins that can be used to
understand seasonal water source dynamics. Similarly, Chapter 5 illustrates that individual
storms generate regional synchrony in peak flows. In addition to spatial autocorrelation within a
variate, correlation among landscape characteristics and human development also exists. This
covariation can result in multicollinearity of covariates and hinder statistical efforts to identify
mechanistic links between landscape gradients and features of aquatic ecosystems. For example,
in watersheds within the Pacific Northwest, elevation and human development gradients often
align so that valley bottoms are more developed than headwater areas. These correlation
structures, although part of the functioning of the landscape, need to be accounted for due to their
ability to undermine statistical estimation.

Large-scale studies such as Chapter 4 provide a framework for interpreting climate
impacts to entire river basins and provide an indication of how regional water resources are
likely to shift. However, much of river basin management occurs at the sub-basin scale, and
current approaches are often insufficient for understanding how climate change will impact
future streamflow across both space and time. Chapters 2, 3, and 5 capitalize on the unique
dendritic and flow directed configuration of river networks, wherein upstream processes
influence downstream patterns to predict stable isotope values and thermal sensitivity dynamics
on the network. Despite the presence of spatial correlation, the response to climate can be diverse
within an individual watershed. The results of this work highlight that ongoing climate change

can have distinct impacts on stream hydrology and thermal regimes even on sites that are within
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the same river basin due to differing physical characteristics of stream catchments. These results

may help to further constrain stream response under warmer climate.

6.4 MODELING TEMPORAL DATA WITHIN AND ACROSS YEARS

Patterns in both river temperature and hydrology show variability at multiple time scales
and are shaped by diverse processes. For example, in western North America evapotranspiration
and the freeze-thaw cycle can result in diel fluctuations in discharge, whereas annual fluctuations
occur due to seasonal precipitation and snowmelt dynamics. Measuring and modeling hydrologic
patterns necessitates careful consideration and should be approached with a clear question in
mind. In this dissertation, I examine thermal and hydrologic fluctuations spanning days to
decades and wrestle with the question of how to divide and model environmental time series.
Chapters 4 and 5 take complementary approaches to time series modeling. Chapter 5 utilizes
regime-based classification to separate continuous time series into discrete clusters, while
Chapter 4 distills time series data down into discrete metrics and utilizes regression-based
approaches to explore continuous relationships. The overarching goal in both studies is to
aggregate and simplify the data, retaining essential information without getting bogged down
with unnecessary detail.

Metric-based approaches is to find the signal in the noise by changing the scale of
description and moving from noisy, unpredictable time series into a collection of cases with
behavior regular enough to allow generalizations to be made. To accomplish this task, key
elements of the temperature of discharge regime need to first be identified. Given that there are
an infinite number of potential metrics that could be calculated from a single time series, selected
metrics should have documented relationships with the ecological, geomorphic, or

biogeochemical facets of interest in riverine systems. Currently, river basin management utilizes
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narrowly defined metrics often based on mean, minimum, or maximum summer temperatures or
flows. However, managers and decision makers have begun to recognize the importance of

thermal and hydrologic diversity across both season and space in supporting healthy rivers. As a
result, metrics that describe portions of the year outside of summer are becoming more common,
as are approaches such as frequency decomposition (i.e., wavelet or Fourier analysis), which can

examine how variability at different time scales has shifted through time.

6.5 FUTURE DIRECTIONS

As with any scientific endeavor, my dissertation represents only a small piece of the
overall scientific puzzle. A fruitful area of future research lies in linking variation in stream
temperature and discharge to specific biological outcomes for organisms such as algae,
macroinvertebrates, and fish species. Specifically, an understanding of the cumulative impacts of
flow and temperature regime shifts remains elusive. Given the complexity of isolating specific
organism responses to individual metrics or patterns, a comparative approach across rivers may
be useful. Advances in data generation and sharing have led to an ongoing data revolution, with
data freely available from satellite imagery, large scale collection programs, and published
studies. For example, continent-wide datasets on stream organisms (e.g. RivFishTime, NEON,
EPA NARS) and modeled temperature, precipitation, snowmelt, and streamflow are freely
available. There is ample opportunity to integrate these historical datasets with remote sensing
products to answer novel questions previously constrained by a lack of available data.

I hope that results from my dissertation can be used to develop mitigation and adaptation
activities to work best with local conditions, thus maximizing benefits given limited resources.
Development of appropriate conservation strategies depends on accurate understanding of the

potential range of ecological response to future changes in the aquatic landscape. In the

172



Snoqualmie basin, for example, small headwater streams may be particularly susceptible to
warming temperatures and reduced flows in the future (Chapters 3, 4, and 5). River basin
managers may therefore look towards management actions such as increasing alluvial storage,
restoring floodplain functions that recharge aquifers, and riparian planting to preserve essential

aquatic habitat in the future.
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Figure S3.low1. The relationship between 6'%0 and §°H for all water samples, identified by
season. The solid line is the global meteoric water line (GMWL, §°H = §'80 * 8 + 10). Eight
seasonal samples and six biweekly samples were removed from analyses due to d-excess
values less than 5.
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Figure S3.2. Detailed lithology of the Snoqualmie River basin. Descriptions of each lithology
code are below.

a — alluvium

ad —alpine glacial drift, Fraser-age

¢ — continental sedimentary deposits or rocks

f — artificial fill, including modified land

ga — advance continental glacial outwash, Fraser-age

gl — glaciolacustrine deposits, Fraser-age

go — continental glacial outwash, Fraser-age

gpc — continental glacial drift, pre-Fraser, and nonglacial deposits
gt — continental glacial drift, Fraser-age

gu — glacial drift, undivided

ib — basic intrusive rocks

ice —ice
g — granite
igb — gabbro

igd — granodiorite

im — monozonite

it — tonalite

X — intrusive breccia

Is — mass wasting deposits

m — marine sedimentary rocks

mb — marble

mc — metasedimentary rocks, cherty
mm — marine metasedimentary rocks
mt — metasedimentary and metavolcanic rocks
mv — metavolcanic rocks
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p — peat deposits

ph — phyllite, low grade

ta — talus deposits

u — ultrabasic rocks

v — volcanic rocks

va — andesite flows

vb — basalt flows

vc — volcaniclastic deposits or rocks
vd — dacite flows

vr — rhyolite flows

vt — tuffs and tuff breccias
vx — volcanic breccia

wtr — water
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Figure S3.3. A comparison of the 2018 water year monthly average temperature, precipitation,
and SWE at SNOTEL site 908, and monthly average discharge from USGS gage 12149000, to
monthly averages of these climate metrics from the previous 30 years (1988-2018). For most
climate metrics, the WY 2018 values fall within the interquartile range, and for all climate
metrics and all months the WY 2018 values fall within the historical range. The most
anomalous months were February and April, which were wetter than average with
subsequently higher discharge.
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substantial.
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Figure S4.2. Latent variables (top row) and factor loadings per latent variable for the best-
fitting model for peak flow duration. Points are colored by their factor loading, where their

values indicate strength of latent variable association.
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Figure S4.3. Latent variables (top row) and factor loadings per latent variable for the best-
fitting model for minimum flow duration. Points are colored by their factor loading, where
their values indicate strength of latent variable association.
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Figure S4.4. Latent variables (top row) and factor loadings per latent variable for the best-

fitting model for recession flow magnitude. Points are colored by their factor loading, where
their values indicate strength of latent variable association.
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Figure S5.1. Detailed precipitation and temperature anomalies for all years of data in the
study.
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Figure S5.2. Seasonal temperature anomalies for Washington Climate Division 5 (Western
Cascades) and Division 6 (Eastern Cascades) vs seasonal precipitation anomalies. Anomalies
are calculated as the departure from the 1901-2000 mean temperature or precipitation by
month and subsequently averaged within a season. Positive (negative) anomalies indicate a
wetter (drier) season for precipitation and a hotter (cooler) season for temperature.
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Figure S5.3. PCA results for the Snoqualmie (A) and Wenatchee (B) covariates.
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Figure S5.4. Examples of calculating an average mean time series of thermal sensitivity from
individual years. Sites selected have relatively long and complete records. The mean thermal
sensitivity for each site is shown as a dashed line, and each complete year of data is shown as a
solid line of the same color.

229




Snoqualmie Wenatchee

=t E—ﬁﬁ

60

159104 9%

40

N

J9)eM uado %

B__:E

R

0.05

-

mousg se divald %

0.001 =

%é?* = ?-ﬁ

luster

Jse.04 ueuedry 9%

THHHHE 2
B WN =

60

%

sollce $_$ﬁ$
[ 0a é_;ﬁ

Covariate Value

ainesadwa] Iy

dn eouejsig

30

.
4000
=
3000 g .

2000 == = ﬁ;g _:

1000

2000
L4 .
.

1000

_ﬂgﬁ = e

1 2 3 4 5 1 2 3 4 5
Cluster

Baly paysiaem

Figure S5.5. Relative variable importance for all covariates in the Snoqualmie (A) Wenatchee
(B) basins, and the distributions of variables for the remaining variables in the Snoqualmie
basin and in the Wenatchee basin. Boxes are grouped and colored by cluster membership. See
Figure 7 for the four top relative variable importance plots.
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Table S5.1. The optimal number of clusters selected for each metric and cluster validity index

(CVI).
Cluster Validity Index Wenatchee Snoqualmie
Air Water Thermal Air Water Thermal
Temperature Temperature  Sensitivity  Temperature Temperature  Sensitivity

Silhouette 2 2 2 2 2 2
Gap 2 2 2 2 2 2
Davies—Bouldin 2 2 5 2 2 4
Calinski—Harabasz 2 2 5 2 2 4
Generalized Dunn 3 5 5 5 4 4
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