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Abstract

Many cold water-dependent aquatic organisms are experiencing habitat and popu-
lation declines from increasing water temperatures. Identifying mechanisms which
drive local and regional stream thermal regimes facilitates restoration at ecologically
relevant scales. Stream temperatures vary spatially and temporally both within and
among river basins. We developed a modeling process to identify statistical relation-
ships between drivers of stream temperature and covariates representing landscape,
climate, and management-related processes. The modeling process was tested in
three study areas of the Pacific Northwest United States during the growing sea-
son (May [start], August [warmest], September [end]). Across all months and study
systems, covariates with the highest relative importance represented the physical
landscape (elevation [1st], catchment area [3rd], main channel slope [5th]) and climate
covariates (mean monthly air temperature [2nd] and discharge [4th]). Two manage-
ment covariates (groundwater use [6th] and riparian shade [7th]) also had high relative
importance. Across the growing season (for all basins), local reach slope had high rela-
tive importance in May, but transitioned to a regional main channel slope covariate in
August and September. This modeling process identified regionally similar and locally
unique relationships among drivers of stream temperature. High relative importance
of management-related covariates suggested potential restoration actions for each

system.
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Research Impact Statement

Determining the relative importance of mechanisms controlling stream temperature helps manage future habitat availability. Some

mechanisms are important across watersheds/time, while others vary.

1 | INTRODUCTION

Stream temperatures vary over space and time due to multiscale interactions among climate, geomorphic, and vegetation-related variables
(Caissie, 2006; Maheu et al., 2016). Understanding the spatiotemporal patterns of temperature in river networks helps predict ecosystem
process rates, organismal life-history patterns, and animal behavior because of the strong temperature dependence of lotic communities
(Caissie, 2006; Magnuson et al., 1979; Webb, 1996). This is especially true of species that require cold water temperatures such as salmon,
trout, and char which are undergoing net global declines in thermally suitable habitats across southerly range extents (Isaak & Young, 2023).

Cold water species have evolved life-history strategies that depend on environments with sustained, episodic, or seasonal cold water
habitat during key life cycle periods (Dahlke et al., 2020; Magnuson et al., 1979). Their dependence on cold water habitats puts them at higher
risk of population decline as climate-induced warming continues (Isaak et al., 2018; Keefer et al., 2018). Pacific salmonids are species adapted
to cold water habitat that have already suffered habitat loss and population decline where warming has exceeded their thermal tolerance
threshold (Crozier et al., 2019; Keefer et al., 2018). Identifying the mechanisms driving local and regional stream temperature, therefore, can
help target cold water habitat restoration and management activities.

The management of cold water habitat takes many forms. Local site-based restoration directly influences known problem reaches (McK-
ergow et al., 2016; Osborne & Kovacic, 1993). Alternatively, restoration can be indirect in the form of distant management activities that, for
example, focus on keeping more water in the river network by reducing withdrawals from surface waters or upland groundwater aquifers that
would otherwise supply baseflow to targeted stream reaches (Poole & Berman, 2001). The large spatial extents encompassed by these indirect
restoration activities are difficult to study through experimentation or calibration of data-intensive mechanistic water temperature models.
However, statistical models can be used to simultaneously assess the marginal effects of multiple covariates across a range of spatiotemporal
scales to investigate the importance of indirect effects on stream temperature. The usefulness and potential of indirect management options
for cold water habitat restoration can then be compared with direct management activities that have been empirically tested (e.g., shading and
channel morphology modifications [Johnson (2004) and Merriam and Petty (2019), respectively]).

Stream temperature models generally fall into two major categories; process-based or statistical models. Process-based temperature
models employ a physics-based heat-budget approach that quantifies the processes which add or remove heat from streams based on energy
exchanges at both the air-water and channel surface-subsurface boundaries (Dugdale et al., 2017). These models often require extensive cal-
ibration and validation (e.g., Heat Source—Boyd & Kasper, 2003) which usually limits their application to river reaches rather than the entirety
of river networks. Once established, however, process-based models can provide detailed simulations of stream temperature responses to
factors that alter boundary conditions and affect heat budgets.

Statistical models predicting stream temperature take many forms (Laanaya et al., 2017), from nonlinear models (Mohseni et al., 1998) for
individual sites to linear mixed models (Peterson & Ver Hoef, 2010) or generalized additive models (Georges et al., 2021; Jackson et al., 2018;
Laanaya et al., 2017; Siegel & Volk, 2019) that are applied to networks. Another distinction among statistical models is whether spatial auto-
correlation is addressed. Results from models which are fit to large datasets derived from dense monitoring arrays can be biased by the redun-
dancy that autocorrelation causes among observations. This has led to the development of spatial models for stream networks which address
both landscape and network proximity and topology (Peterson & Ver Hoef, 2010; Ver Hoef et al., 2006). A primary advantage of statistical
models compared to process-based models is that covariates may be easily derived from broadly available geospatial and climate models that
serve as proxies for heat budget processes. This enables statistical models to be developed and applied with large stream datasets at broad
spatial extents (Isaak, Wenger, et al., 2017; Jackson et al., 2016; Jackson, Hannah, et al., 2017).

The ability to quickly develop statistical models for large spatial extents provides a convenient first step in determining similarities or
differences between regional or temporal attributes affecting stream temperature (Isaak, Wenger, et al., 2017; Jackson et al., 2016; Jackson,
Fryer, et al., 2017). Furthermore, the ability to rapidly build statistical stream temperature models for new locations means a standardized
model development process can be used to provide a consistent baseline for regional comparisons. This baseline process can also be used in
the same location for different time periods to evaluate temporal shifts in attributes affecting stream temperature.

Statistical stream temperature models have used a range of covariates to derive relationships between stream temperature and the
physical landscape, climate, or hydrologic processes (Caissie, 2006; Ouellet et al., 2020; Webb, 1996; Webb et al., 2008). We leveraged
the rich literature on stream temperature to select covariates which included common parameters like air temperature, discharge, eleva-
tion, latitude, and solar radiation. In addition to these common covariates, we also explored more novel covariates. For example, we tested
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several covariates that represent hydrologic surface-subsurface water exchange processes. We also reimagined the way riparian shade

is often incorporated in temperature models by developing an estimate of riparian shade condition that integrates across upstream reach
distances or travel times rather than just at the site of a temperature observation. Additionally, we explored various interaction terms
that explore processes as more than just the sum of the two parts (e.g., interactions between slope and surface-subsurface exchange
process covariates or interactions between shade and discharge), which is a less common practice in statistical stream temperature mod-
els. Finally, stream temperature management-related covariates (e.g., consumptive water use from surface or groundwater extraction)
were included to allow our final models the ability to make predictions based on implementation of related management activities (e.g.,
reduced water extraction from surface or groundwater sources) for a more direct translation of our modeling process and products for
environmental managers.

We used spatial stream network (SSN) models (Peterson & Ver Hoef, 2010) in the model development process we produced. SSN models
are specifically designed to address spatial autocorrelation among dense sets of observations in stream networks by including a residual error
term that accounts for network topology, flow direction, and the distances over which observation values are spatially correlated. Previous
work has identified reliable goodness of fit and prediction accuracy of SSN temperature models across large spatial extents and for different
study areas (Detenbeck et al., 2016; Isaak, Wenger, et al., 2017). Furthermore, the explicit incorporation of spatial autocorrelation by SSN
models yields unbiased parameter estimates and enables accurate temperature predictions in stream reaches and tributaries with little or
no observation data. While our study focuses on stream temperature, SSN models have been used with a range of other response variables
(e.g., baseflow sources [Segura et al., 2019], conductivity [McManus et al., 2020], ecosystem metabolism [Kaylor et al., 2019], fish abundance/
presence [Isaak, Ver Hoef, et al., 2017], and nutrient concentrations [French et al., 2020]) which highlights potential flexibility in using our SSN
model development process for other restoration purposes.

Our first goal was to develop a flexible statistical model selection process that builds models with high predictive accuracy across stream
networks. This process is standardized for use in different study systems for direct comparisons of covariate importance between study sys-
tems or different time periods within a system. The model selection procedure allowed selective competition among covariates representing
similar processes (e.g., surface-subsurface exchange or solar energy inputs) to determine which best fit observed data patterns and produce
the best prediction models. The second goal was to use our model development process to build stream temperature models which compare
the relative importance of covariates in three study networks during periods of the growing season (May [start], August [warmest], and Sep-
tember [end]) that are important for Pacific salmon life-history stages in the northwestern United States (U.S>). Finally, we assessed the rela-
tive importance of stream temperature covariates that may be affected by management actions compared to those that represent landscape

and climatic processes.

2 | METHODS
2.1 | Study basins

Our three study areas in the Pacific Northwest, U.S., included the Middle Fork John Day River (MFJD), South Fork Nooksack River (SFNR),
and Wind River (WR) (Figure 1). There are previously issued TMDLs for temperature for all three basins (Butcher et al., 2010; Kennedy &
Butcher, 2012; Pelletier, 2002) with detailed system characterizations. Briefly, the three study areas occupy a range of climate and physical
landscape conditions (Table 1) that we expect to result in different local drivers of stream temperature.

The three study regions have more than 50% of their area forested according to the 2016 National Landcover Database (NLCD; Yang
et al., 2018). The WR had 50% forested land cover while the MFJD was 54% and SFNR 72%. There was also little development in each study
region with 4% or less of the area classified as developed by the NLCD (MFJD: 1%, SFNR: 2%, WR: 4%). The shrubland cover in each basin
ranged from 11% in the SFNR to 20% in the WR and the MFJD at 18%. The SFNR did not have as much grassland land cover (4%) as the MFJD
(26%) and the WR was somewhere between (12%). The WR included the most agricultural/cultivated land cover at 12%, while the SFNR (1%)

and MFJD (0.1%) had much lower areas associated with these land classifications.

2.2 | Temperature data

Observed temperature data were from the NorWeST database (https://www.fs.fed.us/rm/boise/AWAE/projects/NorWeST.html) for all three
study catchments. We also included data from the Integrated Status and Effectiveness Project (ISEMP) online database (Northwest Fisheries
Science Center, 2017) covering the MFJD. The number of observation sites ranged from 44 to 310 among the three study catchments depend-
ing on the month and catchment (Table 2). Some observation sites had multiple years of data, but only a random year was selected to be used
at a site.
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FIGURE 1 Three study areas in the Pacific Northwest, United States with Columbia River Basin for reference.

TABLE 1 Study area characteristics for the networks where temperature models were fit to observed site (Obs. Sites) data and
predictions (Preds Sites) were made across the network.

Mean annual Mean annual air
Drainage Prediction river Study area elevation (m) precipitation temperature (°C)? Obs. Preds
Study area area (km?) network length (km) [min-mean-max] range (mm) [min-mean-max] Sites (n) Sites (n)
MFJD 2051 1581 666-1379-2477 350-1000 4.4-6.4-9.1 278 1394
SFNR 7988 1157 11-1049-3284 1125-3500 1.4-6.3-10.2 89 1443
WR 9033 3812 19-779-3746 275-3250 1.5-7.5-11.6 319 3343

Abbreviations: MFJD, Middle Fork John Day; SFNR, South Fork Nooksack River; WR, Wind River.
McKay et al. (2012).

All temperature observation sites needed 95% of the regular temperature measurements for a given day and for the days in each month to
be included in our dataset. For missing data during a day or month, a linear interpolation was conducted using the “zoo” R package (Zeileis &
Grothendieck, 2005) to fill the missing value and complete the time series. Using the complete monthly time series of mean daily temperatures,
a mean monthly temperature was calculated for each observation site. These mean monthly temperatures for each observation site were the
response variables in our models.

2.3 | Site attribute development
For each temperature observation site, we derived several model covariates from site attributes that have a known relationship with stream

temperature. These site attributes were organized into categories consisting of attributes that represent the physical landscape, climate, shade
and solar radiation, and management (covariates that could be manipulated by managers in the study areas [e.g., water use, irrigated crop water
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TABLE 2 Summary statistics for model suites.

Study area Month Model suite # Obs. site # Gen. R? (+SD) RMSPE (°C) (+SD)

MFJD May 13 52 0.90 (+0.003) 0.67 (+0.060)
August 53 207 0.66 (+0.002) 1.02 (+0.008)
September 15 173 0.75 (+0.014) 0.82 (+0.009)

SFNR August 24 67 0.55 (+0.048) 1.44 (+0.212)
September 14 44 0.92 (+0.017) 0.84 (+0.041)

WR May 16 87 0.80 (+0.004) 0.89 (+0.010)
August 20 310 0.49 (+0.020) 1.28 (+0.017)
September 13 251 0.57 (+0.007) 1.17 (+0.006)

Note: “Model suite #” indicates the number of models retained by the model selection process and “Obs. site #” indicates the number of temperature
observation sites used for fitting models in each study area/month. Model suite mean (+SD) diagnostics (Generalized R? and root mean square
prediction error—RMSPE) among all models for a given study area and month.

Abbreviations: MFJD, Middle Fork John Day; SFNR, South Fork Nooksack River; WR, Wind River.

losses; see Table 3]). Data S1 describes in detail how each covariate was developed and Data S2 provides a comprehensive evaluation of the
correlations among these covariates to detect evidence of potential multicollinearity issues.

We provide a brief overview of the shade covariate development here with more details in the supplementary files. Often, shade is esti-
mated locally at the observation site by looking at canopy density above the channel center or averaged along a study reach (Isaak, Wenger,
et al., 2017). We took an integrated approach and estimated reach shade for sites as the average riparian shade condition upstream of a site.
We call these integrated shade estimates “upstream shade buffers” since they average the riparian shade condition along the upstream chan-
nel. We used arbitrary distances upstream and average travel times for a parcel of water to delineate how far an upstream buffer extended up
the channel network. Data S3 includes a protocol and sample data for delineating these upstream buffers in the MFJD study area. Data analy-
ses, figure plotting, and model fitting procedures were conducted within the statistical software R v4 (R Core Team, 2020) using the following
packages: “circlize” (Gu et al., 2014), “corrplot” (Wei et al., 2017), “SSN” (Ver Hoef et al., 2014; Ver Hoef & Peterson, 2010), and “tidyverse”

(Wickham et al., 2019). See Data Availability section for access to example code.

2.4 | Spatial stream network (SSN) models

We developed SSN models (Peterson & Ver Hoef, 2010) for mean monthly stream temperature (May, August, September) within each study
area. SSN models are linear mixed models that include autocovariance functions as random effects to address the spatial autocorrelation
across a river network (Peterson & Ver Hoef, 2010; Ver Hoef et al., 2006). The autocovariance functions can take three primary forms: (1)
Euclidean, (2) tail-up, or (3) tail-down (Ver Hoef & Peterson, 2010). Euclidean autocorrelation is measured along the shortest straight-line dis-
tance between two points (Turner & Gardner, 2015). Tail-up autocorrelation represents a moving-average autocorrelation function for only
flow-connected relationships between sites along stream reaches. Tail-down autocorrelation, however, provides model autocorrelation to
address both flow-connected and flow-unconnected sites along stream reaches (Peterson & Ver Hoef, 2010; Ver Hoef et al., 2006; Ver Hoef
& Peterson, 2010). Each of these three types of autocovariance in the SSN model can take on different shapes (e.g., exponential, spherical,
linear with sill, or Mariah) (Ver Hoef et al., 2006). In addition to these autocovariance functions being used as random effects, we varied the
site attributes described earlier to develop fixed-effect model structures.

2.5 | SSN model structure selection process

To select among fixed effect covariates and identify the best fixed effect covariate model structure for the observed temperature data, we
compared SSN model fits using a combination of exhaustive model selection and stepwise regression procedures in four distinct steps. At the
end of each step, we used Akaike's information criterion (AIC) to determine which subset of the models in each step had the best fit to the
observed data (models with AIC values within three AIC units of the lowest AIC value are considered to have an equally good fit to the data
[Burnham & Anderson, 2002]). Those best fit models were then used as the starting models moving forward in the following step.

The first step in our model selection process develops an initial list of models from a variety of covariate combinations that are eventu-
ally all compared using AIC. We began developing this list of models using different combinations of the original NorWeST covariates, but
including mean annual air temperature and canopy cover in all models for two reasons. First, air temperature provides a stochastic variable
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TABLE 3 Listof all covariates used during the model selection process, their ID name used in figures and tables, the units for the
covariate, its classification (Class.) into one of four groups, what step (Steps 1-4) the covariate entered (In) the model selection process, and
the first stage at which the covariate could be dropped (Out) from models.

Covariate 1D Units Class. In Out
Start covariates from NorWeST model
Site elevation elevation m Landscape 1 1
Mean annual precipitation (historical average precipitation mm Climate 1 1
1970-2000)
Lake area as proportion of catchment area prop. lake prop. Landscape 1 1
Site catchment area catchment area km? Landscape 1 1
Site location latitude as northing latitude M Landscape 1 1
NLCD reach canopy cover canopy cover Percent Shade 1 2
Proportion of catchment area covered by glaciers glacier prop. Landscape 1 1
Mean monthly air temperature over site's catchment air temp. deg.C Climate 1 3
Mean monthly discharge! Q cms Climate 1 1
Baseflow index! BFI Percent Landscape 1 1
Local reach slope! slope Unitless Landscape 1 1
Discharge-related covariates
Mean monthly discharge® Q Cms Climate 1 1
Discharge volume adjusted by SW use and stream flow cms/km? Climate 1 1
wastewater returns
Mean monthly discharge divided by catchment area area-norm. Q cms/km? Climate 1 1
Surface-subsurface exchange process covariates
Baseflow index* BFI percent Landscape 1 1
Cold spring abundance in catchment per unit area cold springs #/km? Landscape 1 1
Proportion of catchment classified as high hydraulic prop. high HC prop. Landscape 1 1
conductivity class
Average hydraulic conductivity of surficial sediments avg hydraulic cond. m/day Landscape 1 1
across catchment
Average baseflow recession coefficient (k) avg baseflow rec. coef. Landscape 1 1
Proportion of catchment that contains geothermal geothermal prop. Landscape 1 1
activity and/or hot springs
Gradient covariates
Local reach slope! slope unitless Landscape 1 1
Main channel slope mc slope unitless Landscape 1 1
Interaction terms between gradient and surface-subsurface exchange process covariates
[not all listed due to large number; see Data S1] NA Landscape 1 1
Upstream shade buffers by distance
Distance buffers for 1-5, and 10km shade-##km percent Shade 2 2
Entire upstream watershed shade-wdhr percent Shade 2 2
Upstream shade buffers by travel time
Travel time buffers for 1-6, 12, and 24h shade-##hr percent Shade 2 2
Solar radiation inputs averaged across a site's upstream subcatchment
Clear sky Direct Normal Irradiance or Global clear DNI or clear GHI watt/m? Shade 2 2
Horizontal Irradiance
Cloudy sky Direct Normal Irradiance or Global cloud DNI or cloud GHI watt/m? Shade 2 2
Horizontal Irradiance
Solar radiation difference for DNI or GHI sky DNId or GHId watt/m? Shade 2 2
conditions (clear sky-cloudy)
Solar radiation ratio for DNI or GHI sky conditions DNIr or GHIr NA Shade 2 2

(cloudy/clear sky)
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TABLE 3 (Continued)

Covariate 1D Units Class. In Out
Joint upstream shade buffer and average solar radiation input covariates

[not all listed due to large number; see Data S1] shade-clearDNI##km watt/m? Shade 2 2
Interaction terms between shade-classified and discharge-related covariates

[not all listed due to large number; see Data S1] NA Shade 2 2
Air temperature and discharge-related covariates interaction terms

Air temp. vs. (Q, area-norm. Q, or streamflow air temp.:Q NA Climate 3 3

Management covariates

Irrigated crop water loss from evapotranspiration crop H,0 loss Management 4 4
Wastewater treatment plant surface water returns wastewater returns Management 4 4
Surface water extraction for municipal use SW use Management 4 4
Groundwater extraction for municipal use GW use Management 4 4
H,O balance from SW use, GW use, wastewater net water loss Management 4 4

returns, and crop H,O loss

Note: Development of each covariate detailed in Data S1. Covariates with a superscript “1” indicate a NorWeST SSN model covariates listed in more
than one category to note their membership in NorWeST and substitution groups in the model selection process.

related to interannual variability in stream temperature. Second, canopy cover was a covariate for which we developed alternate reach shade
covariates that we wished to substitute in later model structures within our model selection process. Consequently, we did not want either of
these covariates to have the option to be dropped from the models this early on in the selection process. From these models, we substituted
alternative covariates for reach slope, baseflow index, and discharge.

We selected each model that included a reach slope covariate and substituted main channel slope in its place. These models were added
to the starting list of models as competing model hypotheses. This same substitution process was completed for all models that included the
baseflow index covariate, representing channel surface-subsurface exchange processes (Table 3).

We followed Detenbeck et al. (2016) by including an interaction term between a slope covariate and a surface-subsurface exchange pro-
cess covariate. These interactions (as were all other interaction terms described in the modeling process steps) were allowed to stand alone
(no independent slope or surface-subsurface exchange process covariates included) or be combined with one or both slope and surface-
subsurface exchange process covariates in the model structure. All additional models with this interaction term were again added to the list
of competing models in step one.

For the list of competing models from step one, alternate discharge covariates, including area-normalized discharge and the stream volume
water budget covariates, were also substituted for mean monthly discharge. Models with these substitutions were also added to the step one
list and make up the final set of models competing against each other in step one of this model selection process. From step one's fitted SSN
models, we identified and retained only those that were within three AIC units of the model with the lowest AIC value.

In the second step, we took the retained models from step one and created a new list of models to compare by focusing on covariate sub-
stitutions in those models for solar energy inputs to streams. We substituted the NorWeST's canopy cover covariate (previously forced into
all models in step one) with alternate reach shade and solar radiation energy covariates. At this stage, the NorWeST canopy cover and our
representations of solar radiation and shade were allowed to drop out of the model structure. There were 79 alternate shade covariates that
represented upstream buffers by distance and time, raw solar radiation (clear sky and with clouds) across upstream catchments, and the mul-
tiplication of the reach shade buffer percent times the average solar radiation inputs identifying how much energy was intercepted by shade
(Data S1). Additionally, we allowed the interaction of any discharge-related covariate in the model with the shade covariate. AIC was again used
to select the best models to retain and move to the next step.

In the third step, we introduced interaction terms between the air temperature covariate and any discharge-related covariate into the
models from step two. In this step, air temperature is allowed to drop out of the model despite it being forced into all models fit in steps one
and two. AIC was again used to retain models for step four.

In the fourth and final step of the fixed effect covariate model structure selection process, we focused on management-related covariates.
Here, we added individual and combinations of management-related covariates to the models retained from step three to see if they improved
(or did not negatively affect) the model fit (AIC). This step allows management-derived covariates to potentially be used for scenario planning
when using the fitted models to predict how altering the system (e.g., through riparian shade restoration or water use regulation) could change
stream temperatures. We again compared these models using AIC and retained a final set of models which we refer to as the “suite of best fit

models” for a given temperature dataset (monthly data for a given basin).
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Selection of a suite of best fit models was chosen over selecting one final “best” model for a few reasons. First, selecting a suite of models
with similar levels of support (e.g., models within three AIC units of the lowest AIC model) incorporates the various alternate hypotheses these
distinct model structures represent in the final selection (Burnham & Anderson, 2002). In contrast, selecting a single model only highlights the
one hypothesis represented by that model structure's combination of covariates and potentially misses other important covariate combina-
tions. Second, selecting a single model does not incorporate the model selection uncertainty when using information theoretic criteria like AIC
in model selection (Grueber et al., 2011). Third, a suite of best fit models can leverage model averaging for predictions which reduces the bias
of the predictions when compared with a single “best” model (Burnham & Anderson, 2002).

During these fixed effect model selection steps, we used a maximum likelihood (ML) estimation method while holding the random effects
(autocovariance functions) constant. We used the recommended starting forms of the autocovariance functions (exponential tail-up, exponen-
tial tail-down, and exponential Euclidean) for these initial steps before proceeding with the final fixed effect model structures to determine the
best autocovariance functions for each basin and month suite of best fit models (Peterson & Ver Hoef, 2010).

2.6 | Autocovariance function selection

We used an exhaustive model selection process for identifying the best autocovariance function types (Euclidean, tail-up, tail-down) and
shapes (exponential, linear with sill, Mariah, spherical) to include in our models. For each suite of best fit models, we fit each model within the
suite with all possible combinations of the autocovariance function types and shapes using a restricted maximum likelihood (REML) estimation
method. REML is best used to compare models with variation in random effects (autocovariance functions) when the fixed effect covariates
are held constant (Ver Hoef & Peterson, 2010).

Alternate autocovariance structures were compared for each model in the suite of best models using AIC to select autocovariance function
types and shapes for each model in the suite. Since each model within a suite of best fit models did not have the exact same set of function
types and shapes, we selected the most common combination of autocovariance types and shapes from among the suite of best fit models.

2.7 | Relative importance of covariates

We evaluated the covariates used in each suite of best fit models using a relative importance metric based on the AIC values of each model
within each suite of best fit models. These relative importance values ranged from O (not important or absent from a model) to 1 (very impor-
tant) and were calculated for each covariate retained in a model within a suite of best models (Burnham & Anderson, 2002). When a covari-
ate's relative importance value equals 1 for a suite of models, then the covariate is present in all models within the suite of best fit models. We
can also average these relative importance values across months or basins to determine temporal or regional variation in covariate relative

importance for stream temperature.

2.8 | Standardized model coefficient estimates

We used AlC-weighted model-averaging processes (Burnham & Anderson, 2002) to derive AlC-weighted mean standardized coefficient esti-
mates for all covariates included in each model suite. These mean AlIC-weighted standardized coefficient estimate values are directly compa-
rable within a suite of models. The larger the absolute estimate value (difference from zero), the more influence that covariate has on stream
temperature predictions when using the suite of models to predict stream temperature. Therefore, covariates with the largest estimate values
are indicators of what would be most likely to impart stream temperature change when manipulated in the system (e.g., riparian shade or sur-

face water extraction volumes) to help manage stream temperature.

3 | RESULTS

The model selection process produced different and varying numbers of models for each suite of best fit models in each basin and month
(Table 2). The MFJD suites of best fit models for May, August, and September included 13, 53, and 15 models each for 3months, respectively.
The SFNR did not have enough observed temperature data for May, so suites of models were only generated for August and September (24
and 14 models, respectively). The WR had 16, 20, and 13 models in its suites for May, August, and September, respectively.

The suites of models had average root mean square prediction errors (RMSPE) ranging from 0.67 to 1.44°C and average model R?
ranging from 0.49 to 0.92 across all models in a suite of best fit models for a given study area and month (Table 2). Suites of models for
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August had the highest average RMSPE and lowest R? values in each study area and were also fit to the largest observation datasets in
each study area. The May suite of models in the MFJD and WR had the smallest RMSPE and highest R? values indicating the best model

suite fit to the data in these study areas across the 3 months (May, August, and September). The SFNR did not have enough observation

site data to fit models for May, but the September suite of models had lower RMSPE and higher R? values than the August suite of models
in this study area.

3.1 | Similar covariates among suites of models

Among the eight suites of best fit models, a total of 26 site attribute covariates were retained. Some of these 26 covariates were also included
in interaction terms (18 different interaction terms used some combination of two of the 26 covariates) in the model leading to 44 total unique
fixed effect terms being retained in the eight suites of models. Among all the site attribute covariates tested in our model selection procedure,
elevation was the only covariate that was ubiquitous and appeared in all the models selected within our eight suites of best fit models. For the
three MFJD suites of models, elevation was the only covariate retained in all models (Figure 2). The two SFNR suites of models included three
covariates in all its models (catchment area, elevation, and discharge) (Figure 3). The three WR suites of models included air temperature and
elevation in all its models (Figure 4).

Several covariates were retained in all eight suites of best fit models but may not have been used in every model within a given suite of
best fit models (Table 4). These covariates are air temperature and groundwater extraction use for public supply. Catchment area and main
channel slope were covariates that were present in seven of the eight suites of best fit models. The next most common covariates appearing
among the eight suites of best fit models were discharge, surface water extraction use, irrigated crop water loss, the proportion of upstream
catchment area covered in lakes, and the interaction term between discharge and mean August air temperature, which were present in five of
the eight suites of best fit models.

In addition to the individual covariate terms that were common across all suites of models, there were alternative covariates within a class
of site attributes that were present across all suites of models. All suites of models included some version of stream discharge (i.e., discharge,

upstream catchment area-normalized discharge, or area-normalized discharge adjusted by surface water use withdrawals and wastewater
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FIGURE 2 Chord diagram demonstrating the relative importance of covariates between months for the suites of models for the Middle
Fork John Day (MFJD) study area. Covariate names as in Table 3.
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SFNR covariate relative importance chord diagram
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FIGURE 3 Chord diagram demonstrating the relative importance of covariates between months for the suites of models for the South
Fork Nooksack River (SFNR) study area. Covariate names as in Table 3.

treatment plant returns) and some version of reach shade or solar energy inputs. The individual covariate for each of these differed between
the basins and the months for each suite of models (Figures 2-4; Table 4). This was also observed for some interaction terms. The interaction
between one of the three discharge covariates and air temperature was present in all eight suites of models. Interaction terms between gra-
dient (reach slope or main channel slope) and surface-subsurface process covariates (e.g., baseflow index, average baseflow recession coeffi-
cient, or average hydraulic conductivity of surficial sediments) were also common across most model suites.

3.2 | Covariates unique to or missing from study area model suites

Some covariates were missing from all suites of models for a given study area but retained in the others. Geothermal activity and hot spring
presence were retained in both the SFNR and WR August model suites, but absent from the MFJD, as expected since the MFJD did not include
any geothermal activity or hot springs within its boundaries. Additionally, in the WR, geothermal activity or hot spring presence was also
retained as an interaction term with main channel slope. The SFNR did not retain mean annual precipitation or proportion of the upstream
catchment covered by lakes in any of its suites of models, while both of these covariates were retained in the MFJD and WR study areas. The
WR study area lacked two management-related covariates (irrigated crop water loss and surface water extraction use for public supply) in its
suites of models that were both retained in the MFJD and SFNR suites of models.

3.3 | Shade and solar radiation covariates

Shade and solar radiation covariates were nearly ubiquitous in the study (retained in almost all models in all eight suites of models) despite
being allowed to fall out of models during the third step of the model structure selection process. The primary difference between retained
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FIGURE 4 Chord diagram demonstrating the relative importance of covariates between months for the suites of models for the Wind
River (WR) study area. Covariate names as in Table 3.

shade covariates from one suite of model to the next was the version of shade or solar radiation covariate. In the MFJD suites of models,
travel time shade buffers were retained for each month (Figure 2). The travel time upstream shade buffers also differed between the
months within the MFJD with the overall travel time shortening from 4 h in May to 1 h in August and September. The SFNR suites of models
retained both travel time (August: 12h) and upstream distance (September: 3km) shade buffer covariates (Figure 3). The WR May suite
of models was the only suite to retain a pure solar radiation covariate (clear-sky DNI) rather than a riparian shade-derived covariate. The
August and September suites for the WR used upstream shade buffers that included a distance (August: 2km) and travel time (September:
1h) upstream buffer.

There were instances where some models were removed from a suite of best fit models when models were identical except for their shade
covariate. The decision to arbitrarily remove models from the final suite of models was only made when the shade covariates among the suite
of models appeared to be selecting a single upstream buffer integration metric (distance or travel time), but could not discern between variants

of the shade covariate that all used that upstream buffer integration metric.

3.4 | Mean relative importance of covariates

Among all eight suites of models, the most important covariate was elevation (mean relative importance [+1SD] is 1 +0) (Figure 5). The next
highest mean relative importance covariates across all eight suites of models were air temperature (0.88 +0.27), catchment area (0.63 +0.46),
main channel slope (0.54+0.40), and discharge (0.50+0.53). Air temperature had a higher mean relative importance in the WR than in the
MFJD or SFNR (Figure 5). The high relative importance of catchment area, main channel slope, and discharge in the SFNR helped retain these
covariates in the top five most important covariates in this study across the three study areas (Figure 5). Among months, air temperature was
most important in the September model suites followed by May and then August (Figure 5). Catchment area, main channel slope, and discharge
were all approximately equally important to the model suites fit to August and September temperature data but were less important for May

model suites (Figure 5).
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FIGURE 5 Mean relative importance for each covariate across all eight suites of best fit monthly models (Overall mean=+). The mean
relative importance for covariates across suites of models for each study area (a) and by month (b). For means, Middle Fork John Day (MFJD):
n=3, South Fork Nooksack River (SFNR): n=2, Wind River (WR): n=3, May: n=2, August: n=3, September n=_3. Covariates defined in
Table 3 are ordered by relative importance of overall mean (+).

3.5 | Standardized model coefficient estimates

Each suite of models had different covariates with the largest absolute value for an AIC-weighted mean standardized coefficient estimate
(Table 5). In the MFJD, the interaction between reach slope and the proportion of the upstream catchment within a “high” hydraulic conductiv-
ity class was the largest followed by suite of models' retained shade covariate and the groundwater extraction use. The August MFJD covari-
ate with the largest absolute mean standardized coefficient estimate was elevation. This was followed by the interaction between the main
channel slope and average baseflow recession coefficient, and the retained shade covariate. Catchment area was the largest absolute mean
standardized coefficient estimate in the September MFJD suite of models followed by elevation and then groundwater extraction use. In the
SFNR August and September model suites, catchment area had the largest absolute standardized coefficient estimate followed by discharge.
In the WR May suite of models, the streamflow volume covariate had the largest absolute value standardized coefficient value followed by
the interaction of streamflow with the suite of models' retained shade covariate and the independent shade covariate retained for the model
suite. The August WR suite of models had elevation followed by discharge as the two covariates with the largest absolute values for mean
standardized coefficient estimates. Elevation was also the covariate with the largest standardized coefficient estimate in the WR Sept model

suite, but the second largest coefficient estimate belonged to the suite's shade covariate.
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TABLE 5 Covariate AlC-weighted mean standardized coefficient estimates for all eight suites of best fit models.

Covariate

air temp.
area-norm. Q

area-norm. Q:air
temp.

area-norm.
Q:shade-1hr

area-norm. Q:shade-
clearDNI4hr

avg baseflow rec.
coef.

avg hydraulic cond.
BFI

catchment area
clear DNI
elevation
geothermal

GW use

crop H,0 loss
latitude

mc slope

mc slope:avg baseflow

rec. coef.

mc slope:avg
hydraulic cond.

mc slope:geothermal

mc slope:prop. high
HC

net water loss
precipitation

prop. high HC
prop. lakes

Q

Q:air temp.
Q:shade-12hr
Q:shade-1hr
Q:shade-2km
Q:shade-3km
slope

slope:BFI
slope:prop. high HC
shade-12hr
shade-1hr
shade-2km
shade-3km
shade-clearDNI4hr

stream flow

MFJD SFNR WR
May August September  August September May August September
0.030 0.021 0.065 -0.0002 0.011 0.078 0.068 0.046
-0.058 -0.005
0.004 -0.00004
0.002
-0.078
-0.001 -0.052
-0.001 0.014 -0.005
-0.014
-0.187
-0.025 0.005
0.1668 -0.001 -0.112 -0.0004 -0.017 0.00002 -0.00003 -0.023
-0.009 0.0001 -0.005 0.004 0.007
0.010 0.001 -0.001
-0.021 -0.003 0.007 -0.0004 -0.0001 -0.015 -0.004
- -0.091 -0.014 0.004
-0.030
-0.019 -0.130
-0.0004
-0.009 -0.019
0.0002 -0.003 -0.039 -0.001
0.002
-0.003 -0.0002 0.0002 0.038 0.044
-0.002 -0.045 -0.067 0.072 -0.0003
0.111
0.002 0.013
-0.017
-0.087
-0.049 0.0003 0.001 -0.0002
0.015
-0.008
om0 Comm
-0.061
0.002
-0.053 -0.001 - -0.088

(Continues)
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TABLE 5 (Continued)

MFJD SFNR WR

Covariate May August September  August September  May August September
stream flow:air temp. 0.002 -0.004 -0.005
stream flow:clear DNI 0.198
stream flow:shade-1hr 0.0003 -0.001
stream flow:shade- -0.064

clearDNI4hr
SW use 0.010 -0.0003 0.023 -0.002 0.002

Note: Larger absolute values indicate greater influence on predicted stream temperature values within a model suite (within a column). Values not
directly comparable between model suites (among columns). The largest three absolute value magnitude coefficient estimates are highlighted in
shades of gray. The darkest gray is the largest absolute magnitude estimate value in the model suite and the slightly lighter shades of gray are the
second and third largest absolute magnitude values, respectively. Covariate names as described in Table 3.

Abbreviations: MFJD, Middle Fork John Day; SFNR, South Fork Nooksack River; WR, Wind River.

4 | DISCUSSION

The models developed in this study identified regional (similar across study areas) and local (unique to each study area) relationships between
site attributes and stream temperature. Changes in the model structure among months also provided a quantitative evaluation for how site
attributes relate to stream temperature through time within a study area. Our inclusion of management-related covariates in the model de-
velopment process was compared in terms of their relative importance in the model suites to the non-management-derived site attributes.
Furthermore, these management covariates could be used to directly inform and compare alternative management and restoration activities
in the future.

4.1 | Retained covariates and their use in other temperature models

The common covariates retained in all (or nearly all) eight suites of models, spanning study area and month, indicate their relationships to
stream temperature may be independent of location and time. Elevation was the only ubiquitous covariate. For decades, elevation (or altitude)
has been used as a predictor or classification metric for characterizing stream temperature/thermal regimes (Hynes, 1960; Smith, 1972).
The next five most important covariates across all suites of models in this study were air temperature, catchment area, main channel slope,
discharge, and groundwater extraction use. These covariates (and elevation) are all factors Caissie (2006) identified as influencing stream tem-
perature. Air temperature, catchment area, and discharge are common covariates used in stream temperature models (Detenbeck et al., 2016;
Figary et al., 2021; Isaak, Wenger, et al., 2017; Jackson et al., 2018).

Air temperature is regularly used in statistical stream temperature models as a stochastic parameter to predict stream temperature (Cais-
sie, 2006) and this is how air temperature functioned in our SSN models. Consequently, air temperature predictions for alternate climate
scenarios (e.g., Intergovernmental Panel on Climate Change future air temperature predictions [Collins et al., 2013]) can be used to make
predictions for stream temperature under those same alternate climate scenarios (e.g., Isaak, Wenger, et al., 2017). These predictions can help
identify potential habitat loss or habitat at higher risk of being lost (based on upper thermal tolerances) in future decades (Fuller et al., 2022;
Isaak et al., 2018).

Our discharge covariate also functioned as a stochastic parameter. The Miller et al. (2018) dataset provides spatially explicit estimates of
discharge for each flow line or stream reach in the NHDPIlus V2 hydrography network and covers the historical period of 1950-2015. This pro-
vides more precise (in both space and time) discharge estimates for our observation sites than previous SSN models that did not have access
to spatially explicit discharge data in ungauged basins and generalized across a study area (Detenbeck et al., 2016; Isaak, Wenger, et al., 2017).

The model selection process in our study retained different shade and solar radiation covariates among the model suites that suggests local
variation in how shade affects stream temperature. For example, the MFJD study area retained three different shade covariate derivations
for the suites of models in May, August, and September (Figure 2; Table 4). The difference in shade covariates retained through time from
May to August to September (travel time upstream shade buffers of 4, 1, and 1h, respectively) might suggest that the upstream influence
and integration of shade upstream contracts through the growing season. Further investigation would be necessary to tease out why shade
integration upstream changes between the months, but this is largely consistent with the thermal inertia relationship between temperature,
discharge, and depth in streams (Gu et al., 1998), and could also be influenced by seasonal changes in canopy cover not reflected in vegetation
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assessments from a single point in time. There are additional management options to explore related to riparian buffer widths (and their regu-

lation) that may affect how upstream shade integration is related to stream temperatures.

The upstream extent of riparian shade's influence on stream temperature has been evaluated in Europe (Kalny et al., 2017) and North
America (Figary et al., 2021), but more often shade is only measured or estimated at the point of temperature observation (Wawrzyniak
et al., 2017). Our use of upstream shade buffers is an attempt to look at the integration of conditions that parcels of water encounter prior to
mixing and being measured at an observation point. The travel time upstream shade buffer metric specifically incorporates hydrology into the
solar energy input covariates. This contrasts with just using an arbitrary upstream distance which ignores the timing of different pathways a
parcel of water might take prior to reaching an observation site (i.e., coming from a side tributary or from the mainstem upstream). The influ-
ence of many factors including water residence time or flow velocity plays important roles in how far upstream different parcels of water come
from when integrating upstream via travel time.

We tested and used the same upstream buffer shade integration process as Figary et al. (2021) who also found different upstream buffer
integration metrics across months in their eastern North America study system. The difference in upstream buffer metrics (distances or travel
times) likely reflects the different study system characteristics and would also prescribe different management activities. With longer travel
time buffers explaining more of the variation in stream temperature, we would expect that management of that system would require focusing
riparian vegetation management farther upstream than in locations with shorter travel time shade buffers. Additionally, an upstream buffer
distance or travel time could shift temporally and be seasonally dependent. These types of details provide managers with more reasonable
expectations for whether riparian management should expand or contract upstream from a restoration site.

4.2 | Relatively important interaction terms

Several interaction terms were important across models which included the interaction of (1) main channel slope with baseflow recession coef-
ficient and (2) discharge with air temperature. The main channel slope by baseflow recession coefficient interaction provides a link between
the residence time of water in the river channel (main channel slope effect) and the permeability of surficial sediments in the upstream catch-
ment of a site. Main channel slope has also been described as characterizing the relative vertical gradients that run parallel to the reach (Rosgen
& Silvey, 1996). The importance of the interaction between the baseflow recession coefficient and main channel slope, therefore, reflects how
the influence of the overall gradient of an upstream catchment also depends on surface-subsurface exchange rates in the surficial sediments
(what the baseflow recession coefficient represents in these systems [Janisch et al., 2012; Thomas et al., 2013; Vogel & Kroll, 1992]). The
interaction between main channel slope and baseflow recession coefficient has been retained in other SSN temperature models (Detenbeck
et al., 2016; Figary et al., 2021).

The air temperature to discharge interaction term can be characterized as a moderating parameter explaining the influence of air tempera-
ture on stream temperature in terms of the relative thermal capacity of a stream as a result of changing discharge magnitude. For instance,
air temperature is more likely to have a thermal influence on stream temperature when the discharge is small because there is less water and
therefore a smaller thermal capacity to change. Other statistical temperature modeling efforts have tested this interaction term but have not
found it to be as important or significant a predictor as in this study (Figary et al., 2021; Isaak et al., 2012).

4.3 | Management-related covariates

From a management perspective, our results indicate that shade- and discharge-related restoration activities will likely have the largest im-
pact on stream temperatures. Shade- and discharge-associated covariates were among the three largest standardized coefficient estimates in
seven of the eight model suites. When making predictions using these suites of models, small changes to these discharge and shade covariates
will impart greater changes to stream temperature than most of the remaining covariates in the suites of models. Therefore, our model selec-
tion process and this interpretation of the AlC-weighted mean standardized coefficient estimates can point toward which covariates are most
sensitive to changing stream temperature in each basin and between months within a basin. For example, in the MFJD May and August model
suites included shade covariates among the top three largest standardized coefficient estimates but September's suite of models did not. This
could be an indication that shade restoration would provide a larger impact on stream temperature in May and August than in September. An
alternative interpretation would be that another parameter becomes more influential in September than shade that has low relative impor-
tance during the other months. In the MFJD September model groundwater extraction for public supply use is among the three covariates with
the largest coefficient estimates and therefore may be more important for stream temperatures in September than shade. Our model selection
process, therefore, can help determine what type of impact different restoration activities may provide and when implementing them could be
most influential in the study system. For the MFJD, these results might indicate that reducing groundwater extraction in September is a useful
management activity to explore at the end of the growing season.
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Irrigated cropland water loss was a management covariate retained by five of the eight model suites but had neither a high relative impor-
tance nor large absolute magnitude mean standardized coefficient estimate value. This result could be due to uncertainty with the covariates
estimated values from their development or an artifact of how this management covariate was incorporated into the modeling process. Ad-
ditionally, there may not have been an adequate coverage of irrigated cropland in each basin to derive a meaningful relationship with stream
temperature in our study areas.

We introduced management-related covariates (except shade) at the end of the model selection process (step four). This allowed management
covariates to be retained when they may have provided only a little explanatory power to the model, but also did not hurt the model fit. This
allows the final suite of models the ability to make predictions that might reflect temperature changes when different management actions are
taken. We wanted our model selection process to retain as many management-related covariates as possible in our model suites, which is why
we chose to incorporate them last in the model selection process. This final step for management covariates could be skipped or blended into
earlier steps in future adaptations of this model selection process if predictions for management activities are not a specific goal of the study.

4.4 | Future use of our modeling process

Our modeling process could be used in a few ways. First, the specific models for temperature we developed in this study could be used to make
temperature predictions of various management actions in our study areas. Second, these predictions could be compared to the process-based
models that exist for the same study areas' mainstem reaches so see how they compare. Third, the modeling process as a whole, could be re-
used with a different response variable besides temperature in stream networks with other water quality management concerns. We elaborate
on these three future research pathways below.

Our model selection process is one of the first applications of SSN models using a full scope of predictors for restored temperature simu-
lation and watershed-scale covariate derivation (but see Marsha et al., 2021 for another recent example). The suites of models for our study
systems could be used to make model-averaged predictions (Burnham & Anderson, 2002) to generate continuous stream network tempera-
ture predictions for each study system. Predictions could then be used alongside scenario planning to explore stream temperatures under
different management or restoration activities based on the management covariates retained in our model selection process. Management
activities that could be explored are channel width restoration, cropland irrigation water loss reduction, reduced groundwater extraction, or
riparian vegetation shade restoration (all activities identified in temperature TMDLs for the three study basins [Butcher et al., 2010; Kennedy
& Butcher, 2012; Pelletier, 2002]). Scenario planning could also include combined management activities when two or more actions are con-
sidered. These scenario predictions could help assess the restoration potential of each individual or combined management option to meet
essential fish habitat state water quality thermal criteria (Fuller et al., 2022). We have provided example R scripts and datasets for a study area
and month (see Data Availability section) to support future research along these lines.

A second potentially productive future research pursuit could compare and combine model-averaging predictions with process-based
model predictions within the same study system. Each of our study areas have temperature TMDLs with mechanistic models for the mainstem
reaches. Comparing predictions from the mechanistic model with that of the model-averaged SSN suite of models will show how and where
each model type excels and struggles (Lee et al., 2020). For example, the mainstem mechanistic models used in the TMDLs have a spatial res-
olution focused at the 100-m reach scale and a temporal resolution of 1 h, while SSN models are often set to a 1-km reach scale and monthly
time step. Despite the finer spatial and temporal resolution of the mechanistic models, they are only built for the mainstem reaches, which
limits their spatial coverage in the system and ignores tributaries. The SSN predictions across the network could inform the tributary boundary
conditions for the mainstem mechanistic models and offer a means for the two model types to work together. Combining the two model types
would provide additional support for tracking fine spatial and temporal scale cold water habitat along the mainstem and spatially extensive
cold water habitat across the network.

A third use of our modeling process could apply the model selection process to new study areas. If the same set of site attribute covariates
are used as in this study, direct comparison with our three study areas could extend the temperature evaluation of regionally and locally im-
portant covariates. This would be a straightforward research pursuit when using the R scripts we developed and provide on EPA's ScienceHub
(a publicly accessible dataset and code site for EPA products—see Data Availability section) following publication. Alternatively, the new study
areas for comparison could use a subset, entirely new set, or combination of covariates in the model selection process steps to tailor suites of
models to their specific study systems and relevant management activities.

4.5 | Modeling process considerations

The modeling process we have developed includes some potential limitations to consider when reusing our steps or modifying them for a new
purpose. One important consideration is SSN models require large observed temperature datasets (n>50) to maintain adequate statistical
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power to include autocovariance functions and several fixed effect covariates (Isaak et al., 2014). In our study, the SFNR month of May was

absent because we did not have the suggested minimum number of observed temperature sites for us to confidently fit models with our
process. For the remaining study basins, we were able to increase our observed temperature data by expanding the spatial coverage of our
models to include adjacent tributary networks until a suitable dataset existed. This extent expansion was still unsuccessful in the SFNR in May.
Other studies have increased observed data availability by including multiple years of data at a single site location by using “site” and “year” as
random effects in their SSN model structures (Isaak, Wenger, et al., 2017). We chose not to take this approach in our study. Therefore, avail-
able observed data should be an important consideration for small or sparsely monitored systems before building SSN temperature models.

Model selection processes such as stepwise regression or exhaustive model/best subsets selection are often criticized for (1) their un-
guided thought process (i.e., letting the data identify patterns instead hypothesizing a priori model structures to test), (2) the best selected
model's tendency to have inflated R? values, (3) potential multicollinearity effects (i.e., model parameter estimates/standard error instability),
and (4) over parameterization of models (Burnham & Anderson, 2002; Harrell, 2001; Rencher & Pun, 1980). While our model selection process
employs aspects of stepwise regression and best subsets analysis, we made careful decisions in developing our model selection process to
address and minimize these potential criticisms. First, rather than selecting an individual “best” model from our selection process, we arrive at
a final suite of best models that use model averaging for predictions and multimodel inference statistics to evaluate covariate relationships to
the response variable. Model averaging is best suited when prediction is a primary goal of a model selection process (as in this study) (Burnham
& Anderson, 2002). However, multimodel inference is still possible with a suite of models and leverages the weight of evidence for each covari-
ate present in the suite of models rather than relying on the presence-absence dichotomy for covariates when using a single model (Burnham
& Anderson, 2002). These advantages are limited, though, when multicollinearity exists within the covariate set (Cade, 2015). A thorough
correlation analysis of the covariates tested in our model selection process for each basin and month is provided in the supplementary files
(Data S5) to detect potential collinear covariates used in our model selection process. Covariates with high correlations (r>0.7) and poten-
tially indicative of multicollinearity presence (Dormann et al., 2013) were present, but rare among our covariate set. These limitations from
multicollinearity are not extended to the model-averaged predictions, however, only their coefficient estimate interpretation (Harrell, 2001).

One caveat to the temporal comparisons in our modeling process to consider is the variation in observation sites from month to month.
Because SSN models assess and account for spatial autocorrelation based on observation site relationships, if you have different sets of obser-
vation sites from 1 month to another, it is possible for covariates to have slightly different relationships with temperature due to the site-based
autocorrelation relationships. Therefore, the best way to assess temporal change would be to use the exact same set of sites across all time
points (monthly models in this study).

Another consideration to make with the modeling process surrounds how covariates are developed for the model fitting process. De-
pending on the process being linked to stream temperature, capturing that process or relationship in a covariate for the model can range from
simple to complex. Indirect relationships (e.g., the effect on stream temperature from water loss off irrigated cropland) are likely more difficult
to capture in a covariate than direct relationships (e.g., the effect of direct solar radiation on the stream water surface). This also extends to
relationships that are more or less heavily investigated in the literature and therefore more tightly or loosely linked. Part of the modeling pro-
cess experimentation is testing new and alternate ways to characterize these relationships. Our methods for evaluating the influence of shade
integrated across upstream distances and travel times are one means for exploring new covariate developments for this parameter which is
often only considered at the local observation site. Additionally, this type of covariate development provides more direct management advice
since it suggests the range of upstream riparian shade condition that is relevant for maintaining a stream temperature for a given study reach.

5 | CONCLUSIONS

This study has produced a model selection process that provides directly comparable suites of models for different study areas and times
of year that can be used with a variety of response variables. In testing the process among three study areas, site attributes were identified
that had strong relationships with stream temperature that were location independent. Relationships between study area shade attributes
were also determined, and these relationships were shown to shift through time. The inclusion of management-related covariates allowed us
to explore the relative importance of restoration activities in each study system and provides a means for evaluating the theoretical stream
temperature response from modifying one or more of those activities in our study areas. Finally, potential future research ideas were provided
for the modeling process and for the specific suites of models developed during model selection process test. These future research avenues
could (1) apply this model selection process in new study areas to investigate stream temperature (or other response variables that SSN models
may be used to predict), (2) further tease out relationships between site attributes and stream temperature within these three study areas, (3)
begin scenario planning for future restoration and management activities, or (4) make comparisons between statistical temperature models

developed during this process with mechanistic models previously developed for these three study basins.

85UB017 SUOWWOD 8AIEa.D 3(dedl|dde ayy Aq peusenob ale sajoie O ‘85N JO o 10j Ariq1T8UIUO A8]IA UO (SUONIPUOD-PUE-SWLBI 00" AB| 1WA Leiq) | Ul UO//Sdhy) SUOIPUOD Pue SWs | 8L 88S *[£202/60/ET] Uo ARiqiTauliuo A8]iM ‘Akeid1 801AeS 180104 [euolieN Aq 8STET'889T-2G.T/TTTT OT/I0pA0D A8 M Alelq Ul |uoy/Sdiy Wolj papeoiumod ‘0 ‘889T2SLT



ﬂ@: WATER RESOURCES J AW R A FULLER E7 AL

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION

AUTHOR CONTRIBUTIONS

Matthew Fuller: Conceptualization; data curation; formal analysis; methodology; project administration; software; validation; visualization;
writing - original draft; writing - review and editing. Naomi Detenbeck: Conceptualization; data curation; formal analysis; funding acqui-
sition; methodology; project administration; resources; software; supervision; writing - original draft; writing - review and editing. Peter
Leinenbach: Conceptualization; data curation; formal analysis; methodology; validation; writing - review and editing. Rochelle Labiosa: Con-
ceptualization; funding acquisition; project administration; supervision; writing - review and editing. Dan Isaak: Data curation; methodology;

writing - review and editing.

ACKNOWLEDGMENTS

All opinions expressed in this paper are the authors and do not necessarily reflect the policies and views of the U.S. Environmental Protectino
Agency. Funding for this research was provided by the USEPA Office of Research and Development (ORD) via a Region 10 Regional Applied
Research Effort project (interagency agreements with the U.S. Forest Service [DW 12924479] and U.S. Department of Energy for ORISE sup-
port [DW 92429801-5 and DW 92525701-1]). USEPA ORD contribution number is ORD-046319. We thank M. Dumelle, J. Halama, and C. Zell

for comments on early drafts.

CONFLICT OF INTEREST STATEMENT
The authors declare no conflicts of interest relevant to this study.

DATA AVAILABILITY STATEMENT
Data and R scripts used in this work will be available via U.S. EPA's ScienceHub (permanent DOI: https://doi.org/10.23719/1524755) once

EPA's data release review process is complete.

ORCID

Matthew R. Fuller "= https://orcid.org/0000-0002-9147-5110
Naomi E. Detenbeck "= https://orcid.org/0000-0002-9868-0475
Daniel Isaak "= https://orcid.org/0000-0002-8137-325X

REFERENCES

Boyd, M., and B. Kasper. 2003. “Analytical Methods for Dynamic Open Channel Heat and Mass Transfer: Methodology for the Heat Source Model
Version 7.0.” Portland, OR. http://www.deq.state.or.us/wq/TMDLs/tools.htm.

Burnham, K.P., and D.R. Anderson. 2002. Model Selection and Multimodel Inference: A Practical Information-Theoretic Approach K. New York: Springer.

Butcher, D., J. Crown, K. Brannan, K. Kishida, and S. Hubler. 2010. John Day River Basin Total Maximum Daily Load (TMDL) and Water Quality Management
Plan (WQMP). Publication Number: DEQ 10-WQ-025. Portland, OR: Oregon Department of Environmental Quality. http://www.deq.state.or.us/
wq/tmdls/docs/johndaybasin/ TMDLandWQMPFINAL.pdf.

Cade, B.S. 2015. “Model Averaging and Muddled Multimodel Inferences.” Ecology 96: 2370-82. https://doi.org/10.1890/14-1639.1.

Caissie, D. 2006. “The Thermal Regime of Rivers: A Review.” Freshwater Biology 51: 1389-406. https://doi.org/10.1111/j.1365-2427.2006.01597.x.

Collins, M., R. Knutti, J. Arblaster, J.-L. Dufresne, T. Fichefet, P. Friedlingstein, X. Gao, et al. 2013. “Long-Term Climate Change: Projections,
Commitments and Irreversibility.” In Climate Change 2013: The Physical Science Basis. Contribution of Working Group | to the Fifth Assessment Report
of the Intergovernmental Panel on Climate Change, edited by T.F. Stocker, D. Qin, G.K. Plattner, M. Tignor, S.K. Allen, J. Boschung, A. Nauels, Y. Xia,
V. Bex, and P.M. Midgley. Cambridge, UK and New York, NY, USA: Cambridge University Press.

Crozier, L.G., M.M. McClure, T. Beechie, S.J. Bograd, D.A. Boughton, M. Carr, T.D. Cooney, et al. 2019. “Climate Vulnerability Assessment for Pacific
Salmon and Steelhead in the California Current Large Marine Ecosystem.” PLoS ONE 14: 1-49. https://doi.org/10.1371/journal.pone.0217711.

Dahlke, F.T., S. Wohlrab, M. Butzin, and H.-O. Pértner. 2020. “Thermal Bottlenecks in the Life Cycle Define Climate Vulnerability of Fish.” Science 369:
65-70. https://doi.org/10.1126/science.aaz3658.

Detenbeck, N.E., A.C. Morrison, RW. Abele, and D.A. Kopp. 2016. “Spatial Statistical Network Models for Stream and River Temperature in New
England, USA.” Water Resources Research 52: 6018-40. https://doi.org/10.1002/2015WR018349.

Dormann, C.F., J. Elith, S. Bacher, C. Buchmann, G. Carl, G. Carré, J.R.G. Marquéz, et al. 2013. “Collinearity: A Review of Methods to Deal with it and a
Simulation Study Evaluating their Performance.” Ecography 36: 27-46. https://doi.org/10.1111/j.1600-0587.2012.07348.x.

Dugdale, S.J., D.M. Hannah, and I.A. Malcolm. 2017. “River Temperature Modelling: A Review of Process-Based Approaches and Future Directions.”
Earth-Science Reviews 175: 97-113. https://doi.org/10.1016/j.earscirev.2017.10.009.

Figary, S., N. Detenbeck, and C. O'Donnell. 2021. “Guiding Riparian Management in a Transboundary Watershed through High Resolution Spatial
Statistical Network Models.” Journal of Environmental Management 278: 1-13. https://doi.org/10.1016/j.jenvman.2020.111585.

French, D.W., D.E. Schindler, S.R. Brennan, and D. Whited. 2020. “Headwater Catchments Govern Biogeochemistry in America's Largest Free-Flowing
River Network.” Journal of Geophysical Research: Biogeosciences 125. https://doi.org/10.1029/2020JG005851.

Fuller, M.R., P. Leinenbach, N.E. Detenbeck, R. Labiosa, and D.J. Isaak. 2022. “Riparian Vegetation Shade Restoration and Loss Effects on Recent and
Future Stream Temperatures.” Restoration Ecology 30: 1-17. https://doi.org/10.1111/rec.13626.

Georges, B.,A.Michez, N. Latte, P. Lejeune, and Y. Brostaux. 2021. “Water Stream Heating Dynamics around Extreme Temperature Events: An Innovative
Method Combining GAM and Differential Equations.” Journal of Hydrology 601: 126600. https://doi.org/10.1016/j.jhydrol.2021.126600.

85UB017 SUOWWOD 8AIEa.D 3(dedl|dde ayy Aq peusenob ale sajoie O ‘85N JO o 10j Ariq1T8UIUO A8]IA UO (SUONIPUOD-PUE-SWLBI 00" AB| 1WA Leiq) | Ul UO//Sdhy) SUOIPUOD Pue SWs | 8L 88S *[£202/60/ET] Uo ARiqiTauliuo A8]iM ‘Akeid1 801AeS 180104 [euolieN Aq 8STET'889T-2G.T/TTTT OT/I0pA0D A8 M Alelq Ul |uoy/Sdiy Wolj papeoiumod ‘0 ‘889T2SLT


https://doi.org/10.23719/1524755
https://orcid.org/0000-0002-9147-5110
https://orcid.org/0000-0002-9147-5110
https://orcid.org/0000-0002-9868-0475
https://orcid.org/0000-0002-9868-0475
https://orcid.org/0000-0002-8137-325X
https://orcid.org/0000-0002-8137-325X
http://www.deq.state.or.us/wq/TMDLs/tools.htm
http://www.deq.state.or.us/wq/tmdls/docs/johndaybasin/TMDLandWQMPFINAL.pdf
http://www.deq.state.or.us/wq/tmdls/docs/johndaybasin/TMDLandWQMPFINAL.pdf
https://doi.org/10.1890/14-1639.1
https://doi.org/10.1111/j.1365-2427.2006.01597.x
https://doi.org/10.1371/journal.pone.0217711
https://doi.org/10.1126/science.aaz3658
https://doi.org/10.1002/2015WR018349
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.1016/j.earscirev.2017.10.009
https://doi.org/10.1016/j.jenvman.2020.111585
https://doi.org/10.1029/2020JG005851
https://doi.org/10.1111/rec.13626
https://doi.org/10.1016/j.jhydrol.2021.126600

SPATIAL AND TEMPORAL VARIABILITY IN STREAM THERMAL REGIME DRIVERS

FOR THREE RIVER NETWORKS DURING THE SUMMER GROWING SEASON 21
f‘?}: WATER RESOURCES J A W R AJ_
(X X]

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION

Grueber, C.E., S. Nakagawa, R.J. Laws, and |.G. Jamieson. 2011. “Multimodel Inference in Ecology and Evolution: Challenges and Solutions.” Journal of
Evolutionary Biology 24: 699-711. https://doi.org/10.1111/j.1420-9101.2010.02210.x.

Gu, R, S. Montgomery, and T.A. Austin. 1998. “Quantifying the Effects of Stream Discharge on Summer River Temperature.” Hydrological Sciences
Journal 43: 885-904. https://doi.org/10.1080/02626669809492185.

Gu, Z., L. Gu, R. Eils, M. Schlesner, and B. Brors. 2014. “Circlize Implements and Enhances Circular Visualization in R.” Bioinformatics 30: 2811-12.
https://doi.org/10.1093/bioinformatics/btu393.

Harrell, F.E. 2001. Regression Modeling Strategies. New York, NY: Springer New York. https://doi.org/10.1007/978-1-4757-3462-1.

Hynes, H.B.N. 1960. The Biology of Polluted Waters. Liverpool, UK: Liverpool University Press.

Isaak, D.J., C.H. Luce, D.L. Horan, G.L. Chandler, S.P. Wollrab, and D.E. Nagel. 2018. “Global Warming of Salmon and Trout Rivers in the Northwestern
U.S.: Road to Ruin or Path through Purgatory?” Transactions of the American Fisheries Society 147: 566-87. https://doi.org/10.1002/tafs.10059.

Isaak, D.J., E.E. Peterson, J.M. Ver Hoef, S.J. Wenger, J.A. Falke, C.E. Torgersen, C. Sowder, et al. 2014. “Applications of Spatial Statistical Network
Models to Stream Data.” WIREs Water 1: 277-94. https://doi.org/10.1002/wat2.1023.

Isaak, D.J., J.M. Ver Hoef, E.E. Peterson, D.L. Horan, and D.E. Nagel. 2017. “Scalable Population Estimates Using Spatial-Stream-Network (SSN) Models,
Fish Density Surveys, and National Geospatial Database Frameworks for Streams.” Canadian Journal of Fisheries and Aquatic Sciences 74: 147-56.
https://doi.org/10.1139/cjfas-2016-0247.

Isaak, D.J., S.J. Wenger, E.E. Peterson, J.M. Ver Hoef, D.E. Nagel, C.H. Luce, S.W. Hostetler, et al. 2017. “The NorWeST Summer Stream Temperature
Model and Scenarios for the Western U.S.: A Crowd-Sourced Database and New Geospatial Tools Foster a User Community and Predict Broad
Climate Warming of Rivers and Streams.” Water Resources Research 53: 9181-205. https://doi.org/10.2737/RDS-2016-0032.

Isaak, D.J., S. Wollrab, D. Horan, and G. Chandler. 2012. “Climate Change Effects on Stream and River Temperatures across the Northwest U.S. from
1980-2009 and Implications for Salmonid Fishes.” Climatic Change 113: 499-524. https://doi.org/10.1007/s10584-011-0326-z.

Isaak, D.J., and M.K. Young. 2023. “Cold-Water Habitats, Climate Refugia, and their Utility for Conserving Salmonid Fishes.” Canadian Journal of Fisheries
and Aquatic Sciences 80: 1187-206. https://doi.org/10.1139/cjfas-2022-0302.

Jackson, F.L.,R.J. Fryer, D.M. Hannah, and I.A. Malcolm. 2017. “Can Spatial Statistical River Temperature Models Be Transferred between Catchments?”
Hydrology and Earth System Sciences 21: 4727-45. https://doi.org/10.5194/hess-21-4727-2017.

Jackson, F.L., R.J. Fryer, D.M. Hannah, C.P. Millar, and I.A. Malcolm. 2018. “A Spatio-Temporal Statistical Model of Maximum Daily River Temperatures
to Inform the Management of Scotland's Atlantic Salmon Rivers under Climate Change.” Science of the Total Environment 612: 1543-58. https://
doi.org/10.1016/j.scitotenv.2017.09.010.

Jackson, F.L., D.M. Hannah, R.J. Fryer, C.P. Millar, and I.A. Malcolm. 2017. “Development of Spatial Regression Models for Predicting Summer River
Temperatures from Landscape Characteristics: Implications for Land and Fisheries Management.” Hydrological Processes 31: 1225-38. https://
doi.org/10.1002/hyp.11087.

Jackson, F.L., l.LA. Malcolm, and D.M. Hannah. 2016. “A Novel Approach for Designing Large-Scale River Temperature Monitoring Networks.” Hydrology
Research 47: 569-90. https://doi.org/10.2166/nh.2015.106.

Janisch, J.E., S.M. Wondzell, and W.J. Ehinger. 2012. “Headwater Stream Temperature: Interpreting Response after Logging, with and without Riparian
Buffers, Washington, USA.” Forest Ecology and Management 270: 302-13. https://doi.org/10.1016/j.foreco.2011.12.035.

Johnson, S.L. 2004. “Factors Influencing Stream Temperatures in Small Streams: Substrate Effects and a Shading Experiment.” Canadian Journal of
Fisheries and Aquatic Sciences 61: 913-23. https://doi.org/10.1139/F04-040.

Kalny, G., G. Laaha, A. Melcher, H. Trimmel, P. Weihs, and H.P. Rauch. 2017. “The Influence of Riparian Vegetation Shading on Water Temperature
during Low Flow Conditions in a Medium Sized River.” Knowledge and Management of Aquatic Ecosystems. https://doi.org/10.1051/kmae/2016037.

Kaylor, M.J., S.M. White, W.C. Saunders, and D.R. Warren. 2019. “Relating Spatial Patterns of Stream Metabolism to Distributions of Juveniles Salmonids
at the River Network Scale.” Ecosphere 10. https://doi.org/10.1002/ecs2.2781.

Keefer, M.L., T.S. Clabough, M.A. Jepson, E.L. Johnson, C.A. Peery, and C.C. Caudill. 2018. “Thermal Exposure of Adult Chinook Salmon and Steelhead:
Diverse Behavioral Strategies in a Large and Warming River System.” PLoS One 13: 1-29. https://doi.org/10.1371/journal.pone.0204274.

Kennedy, J.T., and J. Butcher. 2012. “South Fork Nooksack River Temperature Total Maximum Daily Load Water Quality Study Design (Quality
Assurance Project Plan).” Publication No. 12-03-126. Prepared for Washington State Department of Ecology, Olympia, WA https://apps.ecolo
gy.wa.gov/publications/SummaryPages/1203126.html.

Laanaya, F., A. St-Hilaire, and E. Gloaguen. 2017. “Water Temperature Modelling: Comparison between the Generalized Additive Model, Logistic,
Residuals Regression and Linear Regression Models.” Hydrological Sciences Journal 62: 1078-93. https://doi.org/10.1080/02626667.2016.1246799.

Lee, S.Y., A.H. Fullerton, N. Sun, and C.E. Torgersen. 2020. “Projecting Spatiotemporally Explicit Effects of Climate Change on Stream Temperature:
A Model Comparison and Implications for Coldwater Fishes.” Journal of Hydrology 588: 125066. https://doi.org/10.1016/j.jhydrol.2020.125066.

Magnuson, J.J., L.B. Crowder, and P.A. Medvick. 1979. “Temperature as an Ecological Resource.” American Zoologist 19: 331-43. https://doi.org/10.1093/
icb/19.1.331.

Maheu, A., N.L. Poff, and A. St-Hilaire. 2016. “A Classification of Stream Water Temperature Regimes in the Conterminous USA.” River Research and
Applications 32: 896-906. https://doi.org/10.1002/rra.2906.

Marsha, A.L., E.A. Steel, and A.H. Fullerton. 2021. “Modeling Thermal Metrics of Importance for Native Vs Non-Native Fish across Stream Networks to
Provide Insight for Watershed-Scale Fisheries Management.” Freshwater Science 40: 120-37. https://doi.org/10.1086/713038.

McKay, L., T. Bondelid, T. Dewald, J. Johnston, R. Moore, and A. Rea. 2012. “NHDPIus Version 2: User Guide (Data Model Version 2.1).” ftp://ftp.horiz
on-systems.com/NHDplus/NHDPIlusV21/Documentation/NHDPIlusV2_User_Guide.pdf.

McKergow, L.A., F.E. Matheson, and J.M. Quinn. 2016. “Riparian Management: A Restoration Tool for New Zealand Streams.” Ecological Management
and Restoration 17: 218-27. https://doi.org/10.1111/emr.12232.

McManus, M.G., E.D. Amico, E.M. Smith, R. Polinsky, and J. Ackerman. 2020. “Variation in Stream Network Relationships and Geospatial Predictions of
Watershed Conductivity.” Freshwater Science 39: 704-21. https://doi.org/10.1086/710340.

Merriam, E.R., and J.T. Petty. 2019. “Stream Channel Restoration Increases Climate Resiliency in a Thermally Vulnerable Appalachian River.” Restoration
Ecology 27: 1420-28. https://doi.org/10.1111/rec.12980.

Miller, M.P., D.M. Carlisle, D.M. Wolock, and M. Wieczorek. 2018. “A Database of Natural Monthly Streamflow Estimates from 1950 to 2015 for the
Conterminous United States.” Journal of the American Water Resources Association 54: 1258-69. https://doi.org/10.1111/1752-1688.12685.

85UB017 SUOWWOD 8AIEa.D 3(dedl|dde ayy Aq peusenob ale sajoie O ‘85N JO o 10j Ariq1T8UIUO A8]IA UO (SUONIPUOD-PUE-SWLBI 00" AB| 1WA Leiq) | Ul UO//Sdhy) SUOIPUOD Pue SWs | 8L 88S *[£202/60/ET] Uo ARiqiTauliuo A8]iM ‘Akeid1 801AeS 180104 [euolieN Aq 8STET'889T-2G.T/TTTT OT/I0pA0D A8 M Alelq Ul |uoy/Sdiy Wolj papeoiumod ‘0 ‘889T2SLT


https://doi.org/10.1111/j.1420-9101.2010.02210.x
https://doi.org/10.1080/02626669809492185
https://doi.org/10.1093/bioinformatics/btu393
https://doi.org/10.1007/978-1-4757-3462-1
https://doi.org/10.1002/tafs.10059
https://doi.org/10.1002/wat2.1023
https://doi.org/10.1139/cjfas-2016-0247
https://doi.org/10.2737/RDS-2016-0032
https://doi.org/10.1007/s10584-011-0326-z
https://doi.org/10.1139/cjfas-2022-0302
https://doi.org/10.5194/hess-21-4727-2017
https://doi.org/10.1016/j.scitotenv.2017.09.010
https://doi.org/10.1016/j.scitotenv.2017.09.010
https://doi.org/10.1002/hyp.11087
https://doi.org/10.1002/hyp.11087
https://doi.org/10.2166/nh.2015.106
https://doi.org/10.1016/j.foreco.2011.12.035
https://doi.org/10.1139/F04-040
https://doi.org/10.1051/kmae/2016037
https://doi.org/10.1002/ecs2.2781
https://doi.org/10.1371/journal.pone.0204274
https://apps.ecology.wa.gov/publications/SummaryPages/1203126.html
https://apps.ecology.wa.gov/publications/SummaryPages/1203126.html
https://doi.org/10.1080/02626667.2016.1246799
https://doi.org/10.1016/j.jhydrol.2020.125066
https://doi.org/10.1093/icb/19.1.331
https://doi.org/10.1093/icb/19.1.331
https://doi.org/10.1002/rra.2906
https://doi.org/10.1086/713038
ftp://ftp.horizon-systems.com/NHDplus/NHDPlusV21/Documentation/NHDPlusV2_User_Guide.pdf
ftp://ftp.horizon-systems.com/NHDplus/NHDPlusV21/Documentation/NHDPlusV2_User_Guide.pdf
https://doi.org/10.1111/emr.12232
https://doi.org/10.1086/710340
https://doi.org/10.1111/rec.12980
https://doi.org/10.1111/1752-1688.12685

ﬂ@: WATER RESOURCES J AW R A FULLER E7 AL

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION

Mohseni, O., H.G. Stefan, and T.R. Erickson. 1998. “A Nonlinear Regression Model for Weekly Stream Temperatures.” Water Resources Research 34:
2685-92. https://doi.org/10.1029/98WR01877.

Northwest Fisheries Science Center. 2017. ISEMP - Integrated Status and Effectiveness Project. Seattle, WA, USA: NOAA National Centers for
Environmental Information. https://www.fisheries.noaa.gov/inport/item/30831.

Osborne, L.L., and D.A. Kovacic. 1993. “Riparian Vegetated Buffer Strips in Water-Quality Restoration and Stream Management.” Freshwater Biology
29: 243-58. https://doi.org/10.1016/0006-3207(95)90078-0.

Ouellet, V., A. St-Hilaire, S.J. Dugdale, D.M. Hannah, S. Krause, and S. Proulx-Ouellet. 2020. “River Temperature Research and Practice: Recent
Challenges and Emerging Opportunities for Managing Thermal Habitat Conditions in Stream Ecosystems.” Science of the Total Environment 736:
139679. https://doi.org/10.1016/j.scitotenv.2020.139679.

Pelletier, G. 2002. Wind River Watershed Temperature Total Maximum Daily Load. Publication No.02-03-010. Olympia, WA: Washington State Department
of Ecology. https://apps.ecology.wa.gov/publications/documents/0203010.pdf.

Peterson, E.E., and J.M. Ver Hoef. 2010. “A Mixed-Model Moving-Average Approach to Geostatistical Modeling in Stream Networks.” Ecology 91: 644~
51. https://doi.org/10.1890/08-1668.1.

Poole, G.C.,and C.H. Berman. 2001. “An Ecological Perspective on In-Stream Temperature: Natural Heat Dynamics and Mechanisms of Human-Caused
Thermal Degradation.” Environmental Management 27: 787-802. https://doi.org/10.1007/s002670010188.

R Core Team. 2020. R: A Language and Environment for Statistical Computing. Vienna, Austria: R Foundation for Statistical Computing. https://
www.R-project.org.

Rencher, A.C., and F.C. Pun. 1980. “Inflation of R? in Best Subset Regression.” Technometrics 22: 49-53. https://doi.org/10.1080/00401
706.1980.10486100.

Rosgen, D.L., and H.L. Silvey. 1996. Applied River Morphology. Pagosa Springs, CO: Wildland Hydrology.

Segura, C., D. Noone, D. Warren, J.A. Jones, J. Tenny, and L.M. Ganio. 2019. “Climate, Landforms, and Geology Affect Baseflow Sources in a Mountain
Catchment.” Water Resources Research 55: 5238-54. https://doi.org/10.1029/2018 WR023551.

Siegel, J.E., and C.J. Volk. 2019. “Accurate Spatiotemporal Predictions of Daily Stream Temperature from Statistical Models Accounting for Interactions
between Climate and Landscape.” Peer) 2019: €7892. https://doi.org/10.7717/peerj.7892.

Smith, K. 1972. “River Water Temperatures—An Environmental Review.” Scottish Geographical Magazine 88: 211-20. https://doi.org/10.1080/00369
227208736229.

Thomas, B.F., R.M. Vogel, C.N. Kroll, and J.S. Famiglietti. 2013. “Estimation of the Base Flow Recession Constant under Human Interference.” Water
Resources Research 49: 7366-79. https://doi.org/10.1002/wrcr.20532.

Turner, M.G., and R.H. Gardner. 2015. Landscape Ecology in Theory and Practice: Pattern and Process. New York: Springer-Verlag. https://doi.
org/10.1007/978-1-4939-2794-4.

Ver Hoef, J.M.,, E. Peterson, and D. Theobald. 2006. “Spatial Statistical Models that Use Flow and Stream Distance.” Environmental and Ecological
Statistics 13: 449-64. https://doi.org/10.1007/s10651-006-0022-8.

Ver Hoef, J.M., and E.E. Peterson. 2010. “A Moving Average Approach for Spatial Statistical Models of Stream Networks.” Journal of the American
Statistical Association 105: 6-18. https://doi.org/10.1198/jasa.2009.ap08248.

Ver Hoef, J.M,, E.E. Peterson, D. Clifford, and R. Shah. 2014. “SSN: An R Package for Spatial Statistical Modeling on Stream Networks.” Journal of
Statistical Software 56. https://doi.org/10.18637/jss.v056.i03.

Vogel, R.M., and C.N. Kroll. 1992. “Regional Geohydrologic-Geomorphic Relationships for the Estimation of Low-Flow Statistics.” Water Resources
Research 28: 2451-58. https://doi.org/10.1029/92WR01007.

Wawrzyniak, V., P. Allemand, S. Bailly, J. Lejot, and H. Piégay. 2017. “Coupling LiDAR and Thermal Imagery to Model the Effects of Riparian Vegetation
Shade and Groundwater Inputs on Summer River Temperature.” Science of the Total Environment 592: 616-26. https://doi.org/10.1016/j.scito
tenv.2017.03.019.

Webb, B.W. 1996. “Trends in Stream and River Temperature.” Hydrological Processes 10: 205-26. https://doi.org/10.1002/(SICI)1099-1085(19960
2)10:2<205::AID-HYP358>3.0.CO;2-1.

Webb, B.W., D.M. Hannah, R.D. Moore, L.E. Brown, and F. Nobilis. 2008. “Recent Advances in Stream and River Temperature Research.” Hydrological
Processes 22: 902-18. https://doi.org/10.1002/hyp.6994.

Wei, T., V. Simko, M. Levy, Y. Xie, Y. Jin, and J. Zemla. 2017. “R Package “Corrplot”: Visualization of a Correlation Matrix.” Statistician 56. https://github.
com/taiyun/corrplot.

Wickham, H., M. Averick, J. Bryan, W. Chang, L. McGowan, R. Francois, G. Grolemund, et al. 2019. “Welcome to the Tidyverse.” Journal of Open Source
Software 4. https://doi.org/10.21105/joss.01686.

Yang, L., S. Jin, P. Danielson, C. Homer, L. Gass, S.M. Bender, A. Case, et al. 2018. “A New Generation of the United States National Land Cover
Database: Requirements, Research Priorities, Design, and Implementation Strategies.” ISPRS Journal of Photogrammetry and Remote Sensing 146:
108-23. https://doi.org/10.1016/j.isprsjprs.2018.09.006.

Zeileis, A., and G. Grothendieck. 2005. “Zoo: S3 Infrastructure for Regular and Irregular Time Series.” Journal of Statistical Software 14. https://doi.
org/10.18637/jss.v014.i06.

SUPPORTING INFORMATION
Additional supporting information can be found online in the Supporting Information section at the end of this article.

How to cite this article: Fuller, Matthew R., Naomi E. Detenbeck, Peter Leinenbach, Rochelle Labiosa and Daniel Isaak. 2023. “Spatial
and Temporal Variability in Stream Thermal Regime Drivers For Three River Networks During the Summer Growing Season.” JAWRA
Journal of the American Water Resources Association 00 (0): 1-22. https://doi.org/10.1111/1752-1688.13158.

85UB017 SUOWWOD 8AIEa.D 3(dedl|dde ayy Aq peusenob ale sajoie O ‘85N JO o 10j Ariq1T8UIUO A8]IA UO (SUONIPUOD-PUE-SWLBI 00" AB| 1WA Leiq) | Ul UO//Sdhy) SUOIPUOD Pue SWs | 8L 88S *[£202/60/ET] Uo ARiqiTauliuo A8]iM ‘Akeid1 801AeS 180104 [euolieN Aq 8STET'889T-2G.T/TTTT OT/I0pA0D A8 M Alelq Ul |uoy/Sdiy Wolj papeoiumod ‘0 ‘889T2SLT


https://doi.org/10.1029/98WR01877
https://www.fisheries.noaa.gov/inport/item/30831
https://doi.org/10.1016/0006-3207(95)90078-0
https://doi.org/10.1016/j.scitotenv.2020.139679
https://apps.ecology.wa.gov/publications/documents/0203010.pdf
https://doi.org/10.1890/08-1668.1
https://doi.org/10.1007/s002670010188
https://www.R-project.org
https://www.R-project.org
https://doi.org/10.1080/00401706.1980.10486100
https://doi.org/10.1080/00401706.1980.10486100
https://doi.org/10.1029/2018WR023551
https://doi.org/10.7717/peerj.7892
https://doi.org/10.1080/00369227208736229
https://doi.org/10.1080/00369227208736229
https://doi.org/10.1002/wrcr.20532
https://doi.org/10.1007/978-1-4939-2794-4
https://doi.org/10.1007/978-1-4939-2794-4
https://doi.org/10.1007/s10651-006-0022-8
https://doi.org/10.1198/jasa.2009.ap08248
https://doi.org/10.18637/jss.v056.i03
https://doi.org/10.1029/92WR01007
https://doi.org/10.1016/j.scitotenv.2017.03.019
https://doi.org/10.1016/j.scitotenv.2017.03.019
https://doi.org/10.1002/(SICI)1099-1085(199602)10:2%3C205::AID-HYP358%3E3.0.CO;2-1
https://doi.org/10.1002/(SICI)1099-1085(199602)10:2%3C205::AID-HYP358%3E3.0.CO;2-1
https://doi.org/10.1002/hyp.6994
https://github.com/taiyun/corrplot
https://github.com/taiyun/corrplot
https://doi.org/10.21105/joss.01686
https://doi.org/10.1016/j.isprsjprs.2018.09.006
https://doi.org/10.18637/jss.v014.i06
https://doi.org/10.18637/jss.v014.i06
https://doi.org/10.1111/1752-1688.13158

	Spatial and temporal variability in stream thermal regime drivers for three river networks during the summer growing season
	Abstract
	1|INTRODUCTION
	2|METHODS
	2.1|Study basins
	2.2|Temperature data
	2.3|Site attribute development
	2.4|Spatial stream network (SSN) models
	2.5|SSN model structure selection process
	2.6|Autocovariance function selection
	2.7|Relative importance of covariates
	2.8|Standardized model coefficient estimates

	3|RESULTS
	3.1|Similar covariates among suites of models
	3.2|Covariates unique to or missing from study area model suites
	3.3|Shade and solar radiation covariates
	3.4|Mean relative importance of covariates
	3.5|Standardized model coefficient estimates

	4|DISCUSSION
	4.1|Retained covariates and their use in other temperature models
	4.2|Relatively important interaction terms
	4.3|Management-­related covariates
	4.4|Future use of our modeling process
	4.5|Modeling process considerations

	5|CONCLUSIONS
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


