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Abstract

Warming water temperatures as a result of climate change pose a major threat to
coldwater organisms. However, the rate of warming is not spatially uniform due to
surface-ground-water interactions and stream and watershed characteristics. Cold-
water habitats that are most resistant to warming serve as thermal refugia and identi-
fying their locations is critical to regional aquatic conservation planning. We
quantified the thermal sensitivity of 203 streams providing current and potential hab-
itat for brook trout (Salvelinus fontinalis) across nearly 1000 linear km of their native
range in the southern and central Appalachian Mountains region, USA, and character-
ized their spatial variability with landscape variables available in the National Hydrog-
raphy Dataset. Using the Bayesian framework, we calculated the maximum slope of
the logistic function relating paired weekly mean air temperature and stream temper-
ature as an index of stream thermal sensitivity. Streams differed greatly in thermal
sensitivity and those with more resistant water temperature regimes (i.e., thermal
refugia) were consistently characterized by southerly latitudes and groundwater
input. Landscape variables derived from a principal component analysis explained
16% of the variation in thermal sensitivity, indicating that the existing landscape vari-
ables were modestly successful in explaining spatial thermal heterogeneity. Using our
model and spatial interpolation, we predicted thermal sensitivity at 8695 stream seg-
ments potentially suitable for brook trout in the study region. Thermal refugia were
more common southward presumably due to higher elevations, but elsewhere they
were also clustered at finer spatial scales. Our analysis informs prioritizing habitat
conservation and restoration of this native salmonid and other aquatic organisms that

depend on coldwater habitats in a warming world.

KEYWORDS

aquatic organisms, Bayesian, brook trout, climate refugia, landscape, Southeast USA, stream
temperature, thermal sensitivity

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2024 The Authors. River Research and Applications published by John Wiley & Sons Ltd.

1242 wileyonlinelibrary.com/journal/rra

River Res Applic. 2024;40:1242-1255.


https://orcid.org/0009-0009-0403-7576
https://orcid.org/0000-0003-0271-4878
https://orcid.org/0000-0001-8452-5100
mailto:yoichiro.kanno@colostate.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://wileyonlinelibrary.com/journal/rra
http://crossmark.crossref.org/dialog/?doi=10.1002%2Frra.4305&domain=pdf&date_stamp=2024-05-13

VALENTINE €T AL

WILEY_| 2%

1 | INTRODUCTION

Water temperature is a key component of lotic ecosystems, determin-
ing species composition, organismal metabolism, and ecosystem func-
tions and productivity (Caissie, 2006; Poff et al., 2002). Stream
temperatures have risen in the last few decades (Kaushal et al., 2010)
and will continue to rise as global climate change accelerates (Pértner
et al., 2022; van Vliet et al., 2013). Warming water temperature poses
a major threat to the persistence of coldwater organisms, but warming
rates are not spatially homogeneous due to surface-groundwater
interactions and watershed and localized landscape characteristics
(Lisi et al., 2013; Winfree, 2017). ldentifying characteristics of stream
habitats that offer refuge from climate warming and predicting their
locations is critical to coldwater conservation planning (Ebersole
et al., 2020).

However, challenges lie in locating climate refugia for coldwater
organisms over a broad geographic extent. Stream temperature is
chiefly influenced by radiative and convective heat fluxes with the
atmosphere (Webb et al., 2008; Webb & Zhang, 1999). Nonetheless,
generalized air temperature models are insufficient for predicting cli-
mate refugia and biotic responses to warming, as a multitude of atmo-
spheric, hydraulic, and landscape characteristics and processes
mediate the relationship between air and water temperatures (Cais-
sie, 2006; Kirk & Rahel, 2022; Lisi et al., 2015; Poole & Berman, 2001).
Physical models aim to overcome this by approximating solar radia-
tion, air-water heat transfer, evapotranspiration, and groundwater
input (Caissie, 2006; Kelleher et al., 2012; Lalot et al., 2015; Sinokrot &
Stefan, 1993). However, these processes may differ spatially due to
local hydrology, topography, and landcover (Chang & Psaris, 2013;
Dugdale et al., 2018; Garner et al., 2015; Mayer, 2012). These pro-
cess-based modeling approaches are difficult to replicate at many
sites, especially for predicting temperatures at unsampled sites and
consequently strategizing landscape and regional conservation efforts.

Alternatively, statistical approaches based on the relationships
between stream and air temperatures have proliferated to character-
ize thermal variation among streams (e.g., Crisp & Howson, 1982;
Mackey & Berrie, 1991; Mohseni & Stefan, 1999; Stefan & Preud'-
homme, 1993; Zhu et al., 2018). Stream-air temperature relationships
have been represented by linear (Beaufort et al., 2020; Erickson &
Stefan, 2000) or nonlinear (i.e., logistic) regression (Mohseni
et al., 1998; Mohseni & Stefan, 1999). The nonlinear approach is best
suited to regions characterized with low (<0°C) and high (>25°C) air
temperatures. Specifically, stream temperature typically remains
above 0°C when surface ice forms in winter, and at elevated air tem-
perature in summer, evaporative cooling mitigates warming rates
(Mohseni et al., 1998; Mohseni & Stefan, 1999). Stream-air tempera-
ture relationships have been modeled from hourly to annual time
scales (Caissie et al., 2001; Sinokrot & Stefan, 1993; Stefan & Preud'-
homme, 1993; Webb & Nobilis, 1997), with the time lag between
stream and air temperature diminishing over longer temporal scales
(Kelleher et al., 2012). The sensitivity of stream temperature relative
to changes in air temperature can be used as an indicator of ground-

water input, where more temporally stable stream temperature amid

air temperature fluctuations signifies this buffered input (Beaufort
et al., 2020; Hare et al., 2023; Kelleher et al., 2012). Thermal sensitiv-
ity and average water temperature are often strongly negatively cor-
related (Devine et al., 2021; Luce et al., 2014). As a result, thermal
stability can provide an important signal in identifying thermal refuge
for coldwater organisms.

Recently, more studies have aimed to elucidate trends in stream
temperature and identify climate refugia. Most notably, NorWeST
(Isaak et al., 2017) is a comprehensive project aimed at combining
stream temperature observations across the western USA with the
goal of interpreting and predicting climate impacts on streams and riv-
ers. This work has identified potential climate refugia and predicted
thermal habitat change across their study area (Isaak et al., 2015,
2016). Other works have been more limited in their geographic extent
(i.e., individual US states or watersheds) and have focused on predict-
ing spatial and temporal variation in water temperature at specific
locations of interest, instead of identifying what factors determine the
variation (Carlson et al., 2019; Carlson, Bowman, et al., 2017; Carlson,
Taylor, et al.,, 2017; Kirk et al., 2022; Snyder et al., 2015). Key to
broad-scale analyses is the growing body of publicly available national
and regional watershed and hydrological data (e.g., US Environmental
Protection Agency StreamCat or National Hydrography Dataset
[NHD] in the USA), and few studies have been undertaken to explain
or predict spatial variability using readily available watershed and
hydrological data at broad spatial scales (lsaak et al, 2017,
Mayer, 2012; Trumbo et al., 2014). For example, the NHD contains
hydrologic data at the stream segment scale, defined as the length of
streams between two confluences or from the headwater to the first
confluence downstream. Thus, spatial heterogeneity within stream
segments and highly localized processes (i.e., groundwater seepage)
could be missed, limiting our ability to locate thermal refugia. Despite
potential limitations, some studies of limited geographic extent have
attributed spatial variability in thermal sensitivity to coarse-scale met-
rics such as riparian conditions, stream size, and geology (Beaufort
et al,, 2020; Chang & Psaris, 2013; Kirk et al., 2022; Mayer, 2012;
Tague et al., 2007; Toffolon & Piccolroaz, 2015). As broad-scale
stream data become increasingly available, it is important to test their
ability to explain and predict thermal sensitivity over a broad geo-
graphic extent to inform management of coldwater species of conser-
vation concern.

The brook trout (Salvelinus fontinalis) is a coldwater salmonid
whose native distribution covers much of eastern North America.
Brook trout populations have declined greatly, particularly in their
southern native range, due to anthropogenic factors such as habitat
loss and fragmentation, non-native species, and introgression with
hatchery fish (Hudy et al., 2008; Kazyak et al., 2022). As a coldwater
species, they cannot withstand prolonged periods of water tempera-
tures exceeding 22-24°C (Eaton et al., 1995; Hartman & Cox, 2008;
Wehrly et al., 2007). Riverscapes characterized by cool stream tem-
peratures allow brook trout to persist through heat waves and
droughts (Hitt et al., 2017; Petty et al., 2012; Trego et al., 2019). Thus,
the ability to identify and predict thermally suitable brook trout habi-
tat over a long period (i.e., thermal refugia) is of great importance for
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prioritizing streams for conservation and restoration action such as
non-native trout
2016; White
et al., 2023). Stream temperatures have been modeled for brook trout

habitat improvement, physical barrier removal,

removal, and brook trout translocations (Kanno et al.,

streams in their native range, including the use of paired stream-air
temperature measurements (Kanno et al., 2014; Letcher et al., 2016;
2015; Trumbo et al., 2014). However, these studies

were limited in their geographical extent and we are not aware of pre-

Snyder et al,

vious work that combined paired stream-air temperature measure-
ments with readily available watershed and hydrological data to
describe and predict thermal sensitivity of streams at the regional
scale within the native range of brook trout.

We characterized landscape influences on stream thermal sensi-
tivity across nearly 1000 km of the native range of brook trout in the
southern and central Appalachian Mountains region, USA, using a
multi-year dataset of paired stream and air temperature measure-
ments. Located at their southernmost native range, the study area has
experienced the greatest declines of brook trout populations (Hudy
et al., 2008). Our study objectives were twofold. First, we used widely

available landscape and hydrologic metrics to identify determinants of

stream thermal sensitivity with a Bayesian hierarchical model of non-
linear relationships between weekly average stream and air tempera-
tures. Second, we used this model to predict thermal sensitivity at
unsampled brook trout habitats throughout the study area. In addres-
sing these objectives, we aimed to quantify how much thermal sensi-
tivity varied among streams in the study area and its correlation with
landscape characteristics and identify locations of thermal refugia for

brook trout in a warming world.

2 | METHODS

21 | Study area and dataset

We collected paired air and water temperature data from 203 stream
segments in the southern and central Appalachian Mountains region
of the USA (Figure 1). The mean elevation was 655.8 m (SD: 250.2 m)
with a mean channel slope of 3.8% (SD: 4.1%) and a mean catchment
area of 5.2 km? (SD: 8.1 km?). The average Strahler stream order was

2. Stream segments in the southern Appalachians were generally
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FIGURE 1

Locations of 203 stream segments where paired air and stream temperature data were collected from 2011 to 2015. Light green

shading represents forested areas, and dark green shading indicates protected areas. The north and south halves of the study region were divided

at 37.13¢ latitude. [Color figure can be viewed at wileyonlinelibrary.com]
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situated at higher elevations than stream segments in the central
Appalachians (mean 734 m vs. 563 m when divided at 37.13° lati-
tude). Stream segments were located in randomly selected water-
sheds identified as capable of supporting populations of brook trout
to represent a range of their habitats in the study region (Eastern
Brook Trout Joint Venture, 2006; Li et al, 2016). Located at the
downstream outlet of the watersheds, at each segment, a logger
underwater was paired with a logger affixed to the bank or a tree.
Stream and air temperatures were measured every 30 min between
2011 and 2015 using remote loggers (Onset Computer Corporation,
Bourne, MA 02532). We summarized temperatures to weekly aver-
ages for data analysis.

A common drawback of studies of thermal sensitivity is that air
temperatures are derived from model outputs or the closest meteoro-
logical station (Beaufort et al., 2020; Hare et al., 2021; Kelleher
et al., 2012). This implies that trends in air temperatures used for anal-
ysis may not reflect the true trends influencing stream temperature at
the local scale (Isaak et al., 2024; Kanno et al., 2014). Solar radiation
and the influence of local topography have been shown to substan-
tially influence variation in the microclimate across the landscape, par-
ticularly in mountainous areas (Aalto et al., 2017; Tscholl et al., 2022).
Furthermore, weather stations are commonly situated in open, flat
areas where they miss the thermal effects of topography and tree
cover (De Frenne & Verheyen, 2016; Graae et al., 2012). We over-
came this problem by using air temperatures measured in situ at the
same locations where water temperatures were measured. Using
these paired air and water temperature loggers, our study design
allowed the consideration of highly local atmospheric influence on
stream temperature.

Each segment was linked using a GIS to the NHD (NHDplus v2.1,
U.S. Geological Survey, 2016) stream segment on which it was
located. Using the NHDplus common identifier (COMID) code for
each segment, we then accessed landscape metrics from the NHDplus
and the US Environmental Protection Agency StreamCat database
(Hill et al., 2016). The NHDplus includes stream segment data such as
coordinates, elevation, slope, Strahler order, length, and drainage area,
as well as metrics of monthly and annual flow and velocity. The
StreamCat database includes metrics of landcover, geology, soil
makeup, and climate at the watershed and stream segment catchment
scale. Watersheds are defined here as the contributing area of land
that drains to the outlet of the stream segment, while catchments are
defined as portions of landscape that drains directly to a stream seg-
ment, excluding upstream contributions (Hill et al., 2016). A key to
definitions for NHDplus and StreamCat variables can be found in
Appendix A.3. Together, these two sources contributed 174 variables
for each stream segment. Previous studies have identified groundwa-
ter, elevation, stream size, and channel slope as having a strong influ-
ence on stream thermal sensitivity (Beaufort et al., 2020; Chang &
Psaris, 2013; Isaak et al., 2016; Mayer, 2012). Generally, shaded or
headwater streams with small watersheds and groundwater inflows
have the most stable thermal regimes. We considered additional met-
rics from the NHDplus and StreamCat to test an array of variables for
their influences on thermal sensitivity and to improve predictive
ability.

2.2 | Principal components analysis

We performed a Bayesian principal components analysis (PCA) of the
174 NHDplus and StreamCat predictors at 8695 stream segments of
current and potential brook trout habitat identified in the USGS
EcoSHEDS (www.usgs.gov/apps/ecosheds) by the Eastern Brook
Trout Joint Venture (Eastern Brook Trout Joint Venture, 2006). The
203 segments with paired stream-air temperature measurements
were included in the 8695 segments. We excluded segments with
stream orders greater than five. Continuous variables were centered
and scaled. We used a Bayesian PCA due to its ability to take missing
values as inputs (Bishop, 1998; Nounou et al., 2002). Analysis was
completed using the “pcaMethods” package in R (R Core Team, 2022;
Stacklies et al., 2007). We then extracted the top 10 loadings by abso-
lute value for the first five principle components (PCs; cumulative R
0.60). Lastly, we extracted PCA scores for each of the 203 stream seg-

ments where temperature was measured.

2.3 | Hierarchical model

We used a Bayesian hierarchical logistic model to infer stream thermal
sensitivity and the effects thereupon of local hydrology and landscapes.
The regression slope at the inflection point of the function represents
a first-order estimate of the relationship between air and water tem-
peratures (Kelleher et al., 2012; Mohseni et al., 1998; Morrill
et al., 2005). We omitted observations where water or air temperatures
were missing. Following Mohseni et al. (1998), we fit weekly mean
water temperature Ty (°C) at stream segment i=1,...,203 and week

n=1,..,N as a function of weekly mean air temperature T (°C) with:
li—ai 2
Twin ~normal (ai +71+e¢1(mmn),a , (1)

where ¢; is the maximum weekly mean stream temperature (°C) at
stream segment i, a; is the minimum weekly mean stream temperature
(°C), k; is the estimated air temperature at the inflection point of the
function (°C), and ¢; is a measure of the slope of the function at
the inflection point. Furthermore, ¢; was modeled as a random effect

that varies with the PC scores:

¢ ~normal (90 +01PCy; +0,PCo; +03PCs; +04PCaj +05 Pcs,a,aj),
2

where 6 represents the contribution of each PC to thermal sensitivity
over space. The slope of the function at the inflection point (thermal
sensitivity; f;) at stream segment i is related to ¢; using the equation

i (Gi—a)
bi==—f— (3)

We also estimated thermal sensitivity using linear regression
(Appendix A.1), and inferences of thermal sensitivity were nearly
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identical to those of the nonlinear approach. Logistic regression slopes
were also correlated with slopes from the linear regression (r = 0.95;
Figure S2). We derived ¢ to quantify the proportion of variance in
thermal sensitivity among the 203 stream segments explained by
landscape variables. ¢ compares posterior samples of the residual vari-
ance in thermal sensitivity (&i) to the variance in posterior samples of

thermal sensitivity (¢):

2
_1__ %
c=1 var(é’)) . (4)

Values of ¢ range between 0 and 1, with larger ¢ values indicative
of more variance explained by the principal components of landscape
variables. In addition to evaluating variable loading in the PC and the
posterior distribution of 6 for that PC, we used Pearson correlation
between segment-specific thermal sensitivity (8 from Equation (3))
and landscape variables at each stream segment because some vari-
ables had loadings in more than a single PC. We chose landscape
determinants of stream thermal sensitivity by identifying those vari-
ables that were both in the most significant PC loadings as defined by
their posterior distributions and had the highest absolute correlation
coefficients.

We conducted posterior predictive checks for the test statistics
of mean and coefficient of variation to evaluate model performance
(Conn et al., 2018). These checks test for lack of fit using Bayesian p-
values, defined as the probability that simulated data are more
extreme than the observed data (Gelman et al., 2004). Models that fit
well result in Bayesian p-values that are not close to zero or one. We
also evaluated the model using the root mean square error (RMSE)
and R2. Lower RMSE values indicate better model fit, and higher R?
values indicate greater variance explained. We implemented the
model with Markov Chain Monte Carlo sampling using JAGS with the
“jagsUI” package in R (Kellner, 2024). We provide code in online sup-
plements and report noninformative priors in Appendix A.2. After a
burn-in period of 1000 samples, three chains were run until 5000 iter-
ations were reached. We considered convergence as an R value of 1.1
or less (Gelman et al., 2004). We report posterior means as point esti-
mates and 95% highest posterior density intervals (HPDIs) as
estimates of uncertainty. We considered posterior distributions to be
statistically significant when 95% HPDIs did not overlap with zero.
We specified diffuse priors for all model parameters and used poste-
rior mean predicted temperatures for subsequent analyses.

24 |
analysis

Thermal sensitivity predictions and gap

We predicted thermal sensitivity at unsampled brook trout habitat
throughout the study region. In Section 2.2, we calculated principal
components for 8695 stream segments of current and potential brook
trout habitat. Using these principal components and posterior distri-
butions for @ from Equation (2) and (3), we calculated p; for each seg-

ment. We interpolated minimum and maximum water temperatures at

stream segments by kriging using the spPredict function in the
“spBayes” package (Finley et al., 2015). The minimum and maximum
water temperatures were modeled using a linear combination of lati-
tude, longitude, and elevation (m); and the spatial structure was mod-
eled using an exponential covariance function based on pair-wise
Euclidean distances.

Finally, we performed a gap analysis (Jennings, 2000) to evaluate
the proportion of thermally buffered habitat that lies in protected
areas and compared this to the proportion of total brook trout habitat
that occupies conserved areas. Gap analyses allow the identification
of valuable habitat that is unconserved. We accessed a shapefile of
protected areas in the study area from the US Geological Survey Pro-
tected Areas Database (Gap Analysis Project (GAP), 2022; Figure 1).
We included protected areas with USGS Gap Analysis Project Status
Codes 1-3. This included at the least protection from conversion of
natural land cover and at the most National Park or Wilderness Area
designation. In a GIS (QGIS Development Team, 2023), we clipped all
NHDplus stream segments that were at least partially located in these
protected areas. We then defined resistant thermal habitat as the low-
est 25th percentile of predicted thermal sensitivity values. We calcu-
lated the percentage of resistant thermal habitat segments that were
located on these stream segments within protected areas. Finally, we
compared this percentage to that of all brook trout habitats located in
stream segments within protected areas using a Chi-squared test.

3 | RESULTS

There was considerable thermal variability between stream segments.
Average weekly air temperature across segments was 10.99°C (SD:
7.74°C) and ranged from —15.03 to 28.07°C. Average weekly water
temperature across stream segments was 11.41°C (SD: 5.75°C) and
ranged from O to 27.83°C. Some segments had thermally resistant
water temperatures, but others were sensitive (Figure 2). Air and
water temperatures generally were coolest in late January and early
February, and peaked in mid-July. Minimum stream temperatures gen-
erally followed a latitudinal gradient, with the coolest minimums
located in northern areas (Figure S1), however, maximum tempera-
tures did not. Some of the coolest maximum stream temperatures
were recorded at segments at southerly latitudes but located at higher

elevations.

3.1 | Logistic model

The posterior predictive checks suggested little evidence of a lack of
fit between model estimates and data. The mean Bayesian p-values
for mean and standard deviation were 0.52 and 0.26. The nonlinear
model had a mean R? of 0.91 and an RMSE of 1.73.

Thermal sensitivity differed greatly among the 203 segments,
with evidence of thermal stability and thus thermal refugia. Logistic
regression slopes () varied from 0.21 (95% HPDI: 0.18-0.25) to 1.24
(95% HPDI: 1.19-1.29), with an average slope of 0.85 (Figure 2).
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Smaller g values indicated less sensitivity in stream temperature to
changes in air temperatures. These values were highly correlated with
the minimum, maximum, and range of stream temperatures

experienced among segments, indicating the robustness of this metric

to evaluate spatial thermal heterogeneity (Figure S2). A latitudinal gra-

dient in slopes was apparent, with less steep slopes (i.e., more
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resistant to changes in air temperature) generally present at southerly
segments (Figure 3). Geographically confined pockets of thermal refu-
gia were also present at northern latitudes. Thermal sensitivity was
spatially structured, where nearer segments had more similar thermal

sensitivity than farther segments (Figure 3).

3.2 | Landscape effects on thermal sensitivity

Spatial variability in thermal sensitivity was explained by landscape
and hydrologic variables. In the PCA, the first five principal compo-
nents explained 60% of the variance in these variables (Table 1) and
16% of spatial variance in thermal sensitivity (i.e., ¢ in Equation (1)).

Spatial thermal sensitivity was not significantly explained by PC1
(metrics of monthly and annual stream flows), but significantly
explained by PC2 (spring to summer water velocity), PC3 (coordinates,
baseflow index, precipitation, and air temperature), PC4 (winter water
velocity), and PC5 (landcover and geology) (Figure 4). Specifically,
stream temperature was more buffered from (less sensitive to) air
temperature fluctuations at stream segments characterized by low
spring to summer water velocity (PC2: 95% HPDI = —0.007 to
—0.0015), southern latitudes with higher baseflows (PC3: 95%
HPDI = —-0.004 to -0.0001), high winter velocity (PC4:
95% HPDI = —0.006 to —0.002), high soil permeability, and predomi-
nantly colluvial sediment and deciduous forest (PC5: 95%
HPDI = 0.0004 to 0.004).

TABLE 1 Top five principal components (PCs) and percent variance explained (R?).

PC1: 29.0% PC2:12.2% PC3: 8.2% PC4:7.7% PC5:3.2%

Variable Loading Variable Loading Variable Loading Variable Loading Variable Loading
QC_11 -0.99 VC_07 —0.69 Lat 0.88 VC_01 0.76 WetlndexWs 0.54
QE_11 -0.99 VE_07 —0.68 Long 0.83 VE_01 0.76 PermWs —0.52
QC_MA -0.98 VC_05 —0.68 BFIWs -0.76 VA_02 0.76 PermCat —-0.50
QC_10 —0.98 VE_05 —0.68 BFICat -0.76 VA_01 0.72 PctUrbLo2016Ws 0.49
QC_06 -0.98 VA_06 —-0.66 PrecipWs —0.68 TmeanCat 0.65 PctColluvSedCat —-0.48
QE_MA -0.98 VC_06 —0.66 PrecipCat -0.67 VC_02 0.65 PctColluvSedWs -0.48
QA_11 -0.98 VA_05 —0.66 TminWs —0.64 VE_02 0.65 PctUrbOp2016Ws 0.45
QA_MA -0.98 VA_07 —0.65 TminCat —0.63 TmaxCat 0.65 PctUrbMd2016Ws 0.45
QE_05 —-0.98 VE_06 —0.65 VC_02 0.61 TmaxW's 0.64 PctDecid2016Ws -0.45
QE_04 —0.98 VE_11 —0.64 VE_02 0.61 TmeanWs 0.63 PctDecid2016Cat —0.44

Note: The top 10 contributing variables for each principal component are listed based on their loadings. “Q” variables refer to stream flow metrics during
specified periods of the year (numbers = months and MA = mean annual), and “V” variables refer to stream velocity. Variable definitions are available in
Appendix A.3, and further descriptions may be found in the NHDPIlus User Guide and EPA StreamCat database.
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FIGURE 4 Violin plot trimmed at
95% highest posterior density
intervals (HPDIs) for 0 values, which
represent the contributions of
principal components 1-5 to ¢, the
measure of maximum slope of the
nonlinear equation (Equation (1)).
Significant distributions do not

PC1 PC2 PC3

PC4 PC5

overlap with zero.
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To complement the PCA, correlation analysis of individual vari-
ables showed that stream temperature was more buffered from air
temperature fluctuations when baseflow index was high (Pearson
r = —0.45), segments were located farther south (r=0.44) and in
smaller catchments (r = 0.40), and where segments were character-
ized with lower stream flows in March (r = 0.40). Taken together, lati-
tude and baseflow index (i.e., a metric of groundwater) were
consistently identified as determinants of spatial thermal sensitivity in

the two analyses.

3.3 | Predictions of thermal sensitivity

Predicted thermal sensitivity varied greatly among unsampled stream
segments, with values of f ranging from 0.45 (95% CI: 0.23-0.68) to
1.08 (95% Cl: 0.93-1.23; Figure 5). Our predictions identified several
areas most likely to serve as thermal refugia. Among others, the Pen-
dleton County, West Virginia, Nantahala National Forest in North Car-
olina, and the Great Smoky Mountains in North Carolina and
Tennessee were predicted to have particularly stable stream tempera-
tures. These pockets of potential climate refugia may also reflect the

spatial interpolation techniques used in our predictions (Figure S1).

Defining resistant thermal habitat as the lowest 25th percentile of
predicted thermal sensitivity values, we found that 63% (1367
of 2175) of thermally resistant stream segments lay within protected
areas. This is compared to 54% (4697 of 8695) of all segments evalu-
ated. The proportion of protected thermally resistant segments was
significantly greater than the proportion of overall habitat (Chi-
squared p < 0.001).

4 | DISCUSSION

Our insights and predictions fit into a growing body of research
leveraging large networks of water temperature loggers to inform
conservation at regional and national scales (Isaak et al., 2017; John-
son et al., 2020; Mayer, 2012; Snyder et al., 2015). We build on this
framework by combining these data with paired, in situ water temper-
ature measurements and broad-scale landscape and hydrological data
that allow predictions at unsampled locations and by expanding ana-
lyses of thermal sensitivity into the underrepresented southern and
central Appalachian Mountains region of the southeastern USA. To
our knowledge, our work represents one of the most geographically

extensive analyses of thermal habitat for an aquatic species of
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FIGURE 5 Predicted stream thermal sensitivity (5) at 8695 stream segments of brook trout habitat in the southern and central Appalachian

Mountains region, USA. Thermal sensitivity was predicted using posterior estimates from Equations (6) and (1), as well as spatially interpolated
minimum and maximum stream temperatures. Lower values of # indicate stream segments with less sensitive stream temperatures in relation to
air temperature variation (i.e., thermal refugia). [Color figure can be viewed at wileyonlinelibrary.com]
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conservation concern in the southeastern USA. The paired stream-air
temperature data showed much thermal variation among 203 stream
segments distributed along ca. 1000 km of habitat, including some
segments where stream temperatures were stable over time (weekly
average ~10°C; Figure 2) and others where stream temperatures
warmed readily with increasing air temperatures. Such spatial thermal
variability has been observed in other brook trout studies conducted
over more geographically confined areas (Kanno et al., 2014; Snyder
et al., 2015; Trumbo et al., 2014). Given the thermal heterogeneity
over space and upper thermal limits of brook trout (22-24°C: Eaton
et al., 1995; Hartman & Cox, 2008; Wehrly et al., 2007), our study
demonstrates that some current brook trout streams will likely main-
tain their thermal habitat suitability over a long period of time and
may serve as climate refugia. Principal components derived from land-
scape variables in the NHD explained only a moderate amount of vari-
ation in thermal sensitivity among stream segments, showing that
coarse scale landscape data have limited abilities in describing why
thermal heterogeneity exists among stream segments. Despite some
limitations, our analysis revealed latitudinal patterns of thermal refugia
locations and should serve as a basis in quantifying climate change
impacts on aquatic species over a broad spatial extent. Overall, our
study highlights the importance of embracing spatial thermal variabil-
ity for identifying thermal refugia and using this knowledge in maxi-
mizing the chance of sustaining coldwater species in a large
landscape.

We found a latitudinal pattern of thermal refugia locations, where
thermally resistant stream segments were clustered in the southern
area (i.e., North Carolina and Tennessee) of the study region. Our find-
ing contrasts with those of Flebbe et al. (2006), who did not account
for spatially heterogeneous stream-air temperature relationships and
projected a nearly complete eradication of southern Appalachian
brook trout populations under future warming scenarios. Studies
employing these generalized air temperature models often over-pre-
dict stream thermal and biotic responses to warming because water
temperatures are often buffered by local landscape and hydrologic
factors (Carlson et al., 2019; Carlson, Taylor, et al., 2017; Kirk &
Rahel, 2022; Mitro et al., 2019). More thermally resistant stream seg-
ments were characterized with cooler maximum average weekly tem-
peratures, and this correlation between different thermal metrics
provided additional support for the robustness of our thermal refugia
predictions. The latitudinal pattern of thermal sensitivity was likely
due to spatial gradients of elevation in this study area, where eleva-
tion peaks in the southern area and decreases northward (elevation
and latitude were negatively correlated: Spearman's p = —0.4). Eleva-
tion has previously been linked to thermal regimes that differ over
space (Isaak et al., 2017; Maheu et al., 2016; Trumbo et al., 2014). The
predominance of thermally resistant segments in the southern part of
the brook trout range may also be explained by the legacy of anthro-
pogenic impacts which have led to severe declines in the area (Hudy
et al., 2008; Larson & Moore, 1985). Extant populations may already
be confined to the most thermally resistant segments that represent a
subset of their historical habitat range. In this sense, additional loss of

brook trout habitat due to warming temperatures may occur more

frequently at thermally sensitive stream segments located farther
north in our study area. We also identified geographically confined
clusters of thermal refugia in central Appalachian Mountains region
areas such as eastern West Virginia and eastern Maryland. We located
several segments with the least sensitive stream temperatures and
logistic regression slopes <0.5. Overall, stream thermal sensitivity in
our study area (mean slope = 0.85) was within the range reported by
other authors (Beaufort et al., 2020; Krider et al., 2013; Webb, 1992).
In general, the thermal sensitivity of stream temperatures was spa-
tially autocorrelated, although this was not always the case in our
dataset and previous studies (Kanno et al., 2014; Snyder et al., 2015).
Our work is useful for identifying general clusters where thermal refu-
gia mostly likely occur, to guide where conservation and restoration
might be prioritized.

In addition to the latitudinal pattern in thermal refugia, the princi-
pal components of landscape variables and correlation analysis
revealed complexities of thermal controls over space. In general,
water temperature was more buffered against changes in air tempera-
ture where streams had low spring to summer velocities, smaller
watersheds, and groundwater input. The degree of groundwater influ-
ence, represented by baseflow index, has consistently been identified
as a determinant of thermal sensitivity (Beaufort et al., 2020; Briggs
et al,, 2018; Carlson, Bowman, et al., 2017; Johnson et al., 2017; Kel-
leher et al., 2012; Tague et al., 2007). The importance of groundwater
input at these segments can be inferred qualitatively by inspecting the
geographic situations of thermally stable stream segments. As with
Ewin Run in West Virginia (Figure 2), which is situated downstream of
a noted spring, or Dumpling Spring Run in West Virginia, groundwater
inflows appear to be responsible for their stability. In our study, met-
rics of water velocity (second and fourth axes of PCA) also explained
spatial variation in thermal sensitivity. We surmise that water velocity
may be a surrogate for latent determinants of thermal sensitivity such
as channel slope and morphology, which regulate solar radiation and
surface-groundwater exchange (Caissie, 2006; Hauer et al., 2016).
Urban landcover and soil permeability and wetness also explained
thermal sensitivity, but to a more limited extent. Sediment, geology,
and landcover may be linked to processes that affect stream tempera-
ture resilience such as the water table depth and water retention in
soils (Monk et al., 2013; Ryan, 1991; Snyder et al., 2015). As correla-
tional evidence, the principal components of landscape variables can-
not robustly identify ecological processes that generate spatial
heterogeneity in stream temperature. Irrespective of the process
uncertainties, these statistical relationships contribute to predicting
thermal sensitivity for all stream segments potentially occupied by
brook trout in the study area. Previous research has used a limited
number of landscape covariates to characterize spatial thermal vari-
ability (Beaufort et al., 2020; Carlson et al, 2019; Kelleher
et al, 2012; Kirk et al., 2022; Tague et al., 2007), and multivariate
approaches using large, publicly available datasets should be consid-
ered more frequently, and especially for predictive purposes.

The spatial grain of our thermal sensitivity predictions was for
NHD stream segments, given the landscape data availability for the

large geographic extent of this study. However, landscape covariates
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at this scale were limited in their ability to explain spatial variation in
thermal sensitivity (c = 0.16). This result was not surprising, and previ-
ous studies have similarly found that coarse-scale landscape data have
limited abilities to explain spatial thermal heterogeneity (Chang &
Psaris, 2013; Kelleher et al., 2012). Furthermore, thermal heterogene-
ity can occur within stream segments (Fullerton et al., 2017; Kalbus
et al, 2006; Selker et al., 2006) and aquatic organisms may cue in
highly localized areas of cold stream temperature to avoid unsuitably
high temperatures in summer (Matthews & Berg, 1997; Sullivan
et al., 2021). Additional research is warranted to investigate the avail-
ability of spatially confined thermal refugia in stream segments whose
stream temperatures were predicted to respond sensitively to air tem-
peratures, and this requires methods to characterize fine-scale ther-
mal heterogeneity (e.g., fiber-optics cable, Selker et al., 2006) and
habitat use by aquatic organisms (e.g., temperature tags, Hahlbeck
et al., 2022). In the meantime, stream segments identified as thermal
refugia in our study should be validated and this could be accom-
plished by deploying additional temperature loggers.

In conclusion, this study demonstrates that some brook trout habi-
tats will likely serve as thermal refugia in a changing climate, but that
existing landscape data do not precisely predict their locations. This
knowledge is critical for managing coldwater species in a warming cli-
mate and prioritizing conservation actions based on locations of
climate refugia (Jones et al., 2014). Importantly, climate refugia should
be defined and located based on stream thermal regimes in conjunction
with other key factors. Resistance and resiliency of aquatic populations
under climate change depend not only on stream thermal regimes but
also vulnerability of habitat to extreme wet (i.e., floods) and dry events
(i.e., droughts) and habitat patch size and connectivity which affects
post-disturbance recolonization and recovery of the populations (Eber-
sole et al., 2020). Such an integrative approach to identifying climate
refugia is similarly important to strategizing landscape-level conserva-
tion of brook trout and other coldwater-dependent organisms in the

southern and central Appalachian Mountains region.

ACKNOWLEDGMENTS

This research was funded by Cooperative Agreement No.
G21AC10205 from the U.S. Geological Survey Southeast Climate
Adaptation Science Center, and Cooperative Agreement F20AC11372
from the U.S. Fish and Wildlife Service. The findings and conclusions
in this paper are those of the authors and do not necessarily represent
the views of the U.S. Geological Survey, the U.S. Fish and Wildlife Ser-
vice, and the U.S. Forest Service. The authors certify that they have
no conflicting interests, financial or otherwise, that might be perceived

as influencing their objectivity.

CONFLICT OF INTEREST STATEMENT
The authors have no conflicts of interest to declare.

DATA AVAILABILITY STATEMENT
Data are archived at sciencebase.gov. Code can be found online at

github.com/gpvalentine/SE_Temp.

ORCID

George P. Valentine "= https://orcid.org/0009-0009-0403-7576
https://orcid.org/0000-0003-0271-4878
https://orcid.org/0000-0001-8452-5100

Xinyi Lu
Yoichiro Kanno

REFERENCES

Aalto, J., Riihimaki, H., Meineri, E., Hylander, K., & Luoto, M. (2017).
Revealing topoclimatic heterogeneity using meteorological station
data. International Journal of Climatology, 37(51), 544-556. https://doi.
org/10.1002/joc.5020

Beaufort, A., Moatar, F., Sauquet, E., Loicq, P., & Hannah, D. M. (2020).
Influence of landscape and hydrological factors on stream-air temper-
ature relationships at regional scale. Hydrological Processes, 34(3),
583-597. https://doi.org/10.1002/hyp.13608

Bishop, C. (1998). Bayesian PCA. In M. Kearns, S. Solla, & D. Cohn (Eds.),
Advances in neural information processing systems (Vol. 11). MIT Press.

Briggs, M. A, Johnson, Z. C., Snyder, C. D., Hitt, N. P., Kurylyk, B. L.,
Lautz, L., Irvine, D. J., Hurley, S. T., & Lane, J. W. (2018). Inferring
watershed hydraulics and cold-water habitat persistence using multi-
year air and stream temperature signals. Science of the Total Environ-
ment, 636, 1117-1127. https://doi.org/10.1016/j.scitotenv.2018.
04.344

Caissie, D. (2006). The thermal regime of rivers: A review. Freshwater Biol-
ogy, 51(8), 1389-1406. https://doi.org/10.1111/j.1365-2427.2006.
01597 .x

Caissie, D., El-Jabi, N., & Satish, M. G. (2001). Modelling of maximum daily
water temperatures in a small stream using air temperatures. Journal of
Hydrology, 251(1), 14-28. https://doi.org/10.1016/50022-1694(01)
00427-9

Carlson, A., Bowman, W., Schlee, K., Zorn, T., & Infante, D. (2017). Pro-
jected impacts of climate change on stream salmonids with implica-
tions for resilience-based management. Ecology of Freshwater Fish, 26
(2), 190-204. https://doi.org/10.1111/eff. 12267

Carlson, A., Taylor, W., Hartikainen, K., Infante, D., Beard, T., & Lynch, A.
(2017). Comparing stream-specific to generalized temperature models
to guide salmonid management in a changing climate. Reviews in Fish
Biology & Fisheries, 27(2), 443-462. https://doi.org/10.1007/s11160-
017-9467-0

Carlson, A., Taylor, W., & Infante, D. (2019). Developing precipitation- and
groundwater-corrected stream temperature models to improve brook
charr management amid climate change. Hydrobiologia, 840(1), 379-
398. https://doi.org/10.1007/s10750-019-03989-1

Chang, H., & Psaris, M. (2013). Local landscape predictors of maximum
stream temperature and thermal sensitivity in the Columbia River
basin, USA. Science of the Total Environment, 461-462, 587-600.
https://doi.org/10.1016/j.scitotenv.2013.05.033

Conn, P. B, Johnson, D. S., Williams, P. J., Melin, S. R., & Hooten, M. B.
(2018). A guide to Bayesian model checking for ecologists. Ecological
Monographs, 88(4), 526-542. https://doi.org/10.1002/ecm.1314

Crisp, D. t., & Howson, G. (1982). Effect of air temperature upon mean
water temperature in streams in the north Pennines and English Lake
District. Freshwater Biology, 12(4), 359-367. https://doi.org/10.1111/
j.1365-2427.1982.tb00629.x

De Frenne, P., & Verheyen, K. (2016). Weather stations lack forest data.
Science, 351(6270), 234. https://doi.org/10.1126/science.351.6270.
234-a

Devine, W. D., Steel, E. A, Foster, A. D., Minkova, T. V., & Martens, K. D.
(2021). Watershed characteristics influence winter stream tempera-
ture in a forested landscape. Aquatic Sciences, 83(3), 45. https://doi.
org/10.1007/s00027-021-00802-x

Dugdale, S. J., Malcolm, I. A,, Kantola, K., & Hannah, D. M. (2018). Stream
temperature under contrasting riparian forest cover: Understanding
thermal dynamics and heat exchange processes. Science of the Total

95U8917 SUOWLIOD 9AIER1D) 3edt|dde aup Aq peusenof a8 Sajo1e YO 8sn Jo S9N oy Aleid 1 8uluO 8|1/ UO (SUONIPUCD-PUe-SWLIS)W0Y A3 | 1M Alelq |pulUo//:SANy) SUONIPUOD pue SLe | 8Y1 89S *[y202/60/8T] UO AkeiqiauliuO AS|IM ‘GOEY©II/Z00T OT/I0p/Wi0d A1 Aelg 1 jpu1|uo//:Sdny WOy papeojumod ‘2 ‘v202 29V TSEST


http://sciencebase.gov
http://github.com/gpvalentine/SE_Temp
https://orcid.org/0009-0009-0403-7576
https://orcid.org/0009-0009-0403-7576
https://orcid.org/0000-0003-0271-4878
https://orcid.org/0000-0003-0271-4878
https://orcid.org/0000-0001-8452-5100
https://orcid.org/0000-0001-8452-5100
https://doi.org/10.1002/joc.5020
https://doi.org/10.1002/joc.5020
https://doi.org/10.1002/hyp.13608
https://doi.org/10.1016/j.scitotenv.2018.04.344
https://doi.org/10.1016/j.scitotenv.2018.04.344
https://doi.org/10.1111/j.1365-2427.2006.01597.x
https://doi.org/10.1111/j.1365-2427.2006.01597.x
https://doi.org/10.1016/S0022-1694(01)00427-9
https://doi.org/10.1016/S0022-1694(01)00427-9
https://doi.org/10.1111/eff.12267
https://doi.org/10.1007/s11160-017-9467-0
https://doi.org/10.1007/s11160-017-9467-0
https://doi.org/10.1007/s10750-019-03989-1
https://doi.org/10.1016/j.scitotenv.2013.05.033
https://doi.org/10.1002/ecm.1314
https://doi.org/10.1111/j.1365-2427.1982.tb00629.x
https://doi.org/10.1111/j.1365-2427.1982.tb00629.x
https://doi.org/10.1126/science.351.6270.234-a
https://doi.org/10.1126/science.351.6270.234-a
https://doi.org/10.1007/s00027-021-00802-x
https://doi.org/10.1007/s00027-021-00802-x

22 | WILEY

VALENTINE ET AL.

Environment, 610-611,
scitotenv.2017.08.198
Eastern Brook Trout Joint Venture. (2006). Eastern brook trout: Status and

threats. Eastern Brook Trout Joint Venture.

Eaton, J. G., McCormick, J. H., Goodno, B. E., O'Brien, D. G., Stefany, H. G,
Hondzo, M., & Scheller, R. M. (1995). A field information-based system
for estimating fish temperature tolerances. Fisheries, 20(4), 10-18.
https://doi.org/10.1577/1548-8446(1995)020%3C0010:afisfe%3E2.
0.co;2

Ebersole, J. L., Quifiones, R. M., Clements, S., & Letcher, B. H. (2020). Man-
aging climate refugia for freshwater fishes under an expanding human
footprint. Frontiers in Ecology and the Environment, 18(5), 271-280.
https://doi.org/10.1002/fee.2206

Erickson, T. R., & Stefan, H. G. (2000). Linear air/water temperature corre-
lations for streams during open water periods. Journal of Hydrologic
Engineering, 5(3), 317-321. https://doi.org/10.1061/(ASCE)1084-
0699(2000)5:3(317)

Finley, A. O., Banerjee, S., & Gelfand, A. E. (2015). spBayes for large uni-
variate and multivariate point-referenced spatio-temporal data
models. Journal of Statistical Software, 63(13), 1-28.

Flebbe, P. A., Roghair, L. D., & Bruggink, J. L. (2006). Spatial modeling to
project southern appalachian trout distribution in a warmer climate.
Transactions of the American Fisheries Society, 135(5), 1371-1382.
https://doi.org/10.1577/t05-217.1

Fullerton, A. H., Torgersen, C. E., Lawler, J. J., Steel, E. A,, Ebersole, J. L., &
Lee, S. Y. (2017). Longitudinal thermal heterogeneity in rivers and refu-
gia for coldwater species: Effects of scale and climate change. Aquatic
Sciences, 80(1), 3-15. https://doi.org/10.1007/s00027-017-0557-9

Gap Analysis Project (GAP), U.S. Geological Survey (USGS). (2022). PAD-
US 3.0. U.S. Geological Survey. https://doi.org/10.5066/P9Q9LQ4B

Garner, G., Malcolm, I., Sadler, J. P., & Hannah, D. M. (2015). The role of
riparian vegetation density, channel orientation and water velocity in
determining river water temperature. Dynamics (Pembroke, Ont.), 2015,
H21P-07.

Gelman, A., Carlin, J. B., Stern, H. S., & Rubin, D. B. (2004). Bayesian data
analysis. Chapman and Hall/CRC.

Graae, B. J., De Frenne, P., Kolb, A., Brunet, J., Chabrerie, O., Verheyen, K.,
Pepin, N., Heinken, T., Zobel, M., Shevtsova, A., Nijs, I., & Milbau, A.
(2012). On the use of weather data in ecological studies along altitudi-
nal and latitudinal gradients. Oikos, 121(1), 3-19. https://doi.org/10.
1111/j.1600-0706.2011.19694 .x

Hahlbeck, N., Tinniswood, W. R,, Sloat, M. R,, Ortega, J. D., Wyatt, M. A,,
Hereford, M. E., Ramirez, B. S., Crook, D. A., Anlauf-Dunn, K. J., &
Armstrong, J. B. (2022). Contribution of warm habitat to cold-water
fisheries. Conservation Biology, 36(3), e13857. https://doi.org/10.
1111/cobi.13857

Hare, D. K., Benz, S. A., Kurylyk, B. L., Johnson, Z. C,, Terry, N. C,, &
Helton, A. M. (2023). Paired air and stream temperature analysis
(PASTA) to evaluate groundwater influence on streams. Water
Resources Research, 59(4), €2022WR033912. https://doi.org/10.
1029/2022WR033912

Hare, D. K., Helton, A. M., Johnson, Z. C,, Lane, J. W., & Briggs, M. A.
(2021). Continental-scale analysis of shallow and deep groundwater
contributions to streams. Nature Communications, 12(1), 1-10. https://
doi.org/10.1038/s41467-021-21651-0

Hartman, K. J., & Cox, M. K. (2008). Refinement and testing of a brook
trout bioenergetics model. Transactions of the American Fisheries Soci-
ety, 137(1), 357-363. https://doi.org/10.1577/T05-243.1

Hauer, F. R, Locke, H., Dreitz, V. J., Hebblewhite, M., Lowe, W. H,,
Muhlfeld, C. C., Nelson, C. R., Proctor, M. F., & Rood, S. B. (2016).
Gravel-bed river floodplains are the ecological nexus of glaciated
mountain landscapes. Science Advances, 2(6), e1600026. https://doi.
org/10.1126/sciadv.1600026

Hill, R. A., Weber, M. H., Leibowitz, S. G., Olsen, A. R., & Thornbrugh, D. J.
(2016). The stream-catchment (StreamCat) dataset: A database of

1375-1389.  https://doi.org/10.1016/j.

watershed metrics for the conterminous United States. JAWRA Journal
of the American Water Resources Association, 52(1), 120-128. https://
doi.org/10.1111/1752-1688.12372

Hitt, N. P., Snook, E. L., & Massie, D. L. (2017). Brook trout use of thermal
refugia and foraging habitat influenced by brown trout. Canadian Jour-
nal of Fisheries and Aquatic Sciences, 74(3), 406-418. https://doi.org/
10.1139/cjfas-2016-0255

Hudy, M., Thieling, T. M., Gillespie, N., & Smith, E. P. (2008). Distribution,
status, and land use characteristics of subwatersheds within the native
range of brook trout in the eastern United States. North American Jour-
nal of Fisheries Management, 28(4), 1069-1085. https://doi.org/10.
1577/m07-017.1

Isaak, D. J., Horan, D. L., & Wollrab, S. P. (2024). Air temperature data
source affects inference from statistical stream temperature models in
mountainous terrain. Journal of Hydrology X, 22, 100172. https://doi.
org/10.1016/j.hydroa.2024.100172

Isaak, D. J., Wenger, S. J., Peterson, E. E., Ver Hoef, J. M., Nagel, D. E,,
Luce, C. H., Hostetler, S. W., Dunham, J. B., Roper, B. B., Wollrab, S. P.,
Chandler, G. L., Horan, D. L., & Parkes-Payne, S. (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(11), 9181-9205. https://doi.org/10.
1002/2017WR020969

Isaak, D. J.,, Young, M. K., Luce, C. H., Hostetler, S. W., Wenger, S. J.,
Peterson, E. E., Ver Hoef, J. M., Groce, M. C,, Horan, D. L, &
Nagel, D. E. (2016). Slow climate velocities of mountain streams por-
tend their role as refugia for cold-water biodiversity. Proceedings of the
National Academy of Sciences, 113(16), 4374-4379. https://doi.org/
10.1073/pnas.1522429113

Isaak, D. J., Young, M. K., Nagel, D. E., Horan, D. L., & Groce, M. C. (2015).
The cold-water climate shield: Delineating refugia for preserving sal-
monid fishes through the 21st century. Global Change Biology, 21(7),
2540-2553. https://doi.org/10.1111/gch.12879

Jennings, M. D. (2000). Gap analysis: Concepts, methods, and recent
results. Landscape Ecology, 15, 5-20.

Johnson, Z. C., Johnson, B. G., Briggs, M. A, Devine, W. D., Snyder, C. D.,
Hitt, N. P., Hare, D. K., & Minkova, T. V. (2020). Paired air-water annual
temperature patterns reveal hydrogeological controls on stream ther-
mal regimes at watershed to continental scales. Journal of Hydrology,
587, 124929. https://doi.org/10.1016/j.jhydrol.2020.124929

Johnson, Z. C., Snyder, C. D., & Hitt, N. P. (2017). Landform features and
seasonal precipitation predict shallow groundwater influence on tem-
perature in headwater streams. Water Resources Research, 53(7),
5788-5812. https://doi.org/10.1002/2017WR020455

Jones, L. A, Muhlfeld, C. C, Marshall, L. A, McGlynn, B. L, &
Kershner, J. L. (2014). Estimating thermal regimes of bull trout and
assessing the potential effects of climate warming on critical habitats.
River Research and Applications, 30(2), 204-216. https://doi.org/10.
1002/rra.2638

Kalbus, E., Reinstorf, F., & Schirmer, M. (2006). Measuring methods for
groundwater-surface water interactions: A review. Hydrology and Earth
System Sciences, 10(6), 873-887. https://doi.org/10.5194/hess-10-
873-2006

Kanno, Y., Kulp, M. A,, & Moore, S. E. (2016). Recovery of native brook
trout populations following the eradication of nonnative rainbow trout
in southern Appalachian Mountains streams. North American Journal of
Fisheries Management, 36(6), 1325-1335. https://doi.org/10.1080/
02755947.2016.1221004

Kanno, Y., Vokoun, J. C., & Letcher, B. H. (2014). Paired stream-air tem-
perature measurements reveal fine-scale thermal heterogeneity within
headwater brook trout stream networks. River Research and Applica-
tions, 30(6), 745-755. https://doi.org/10.1002/rra.2677

Kaushal, S. S., Likens, G. E., Jaworski, N. A., Pace, M. L., Sides, A. M.,
Seekell, D., Belt, K. T., Secor, D. H., & Wingate, R. L. (2010). Rising

95U8917 SUOWLIOD 9AIER1D) 3edt|dde aup Aq peusenof a8 Sajo1e YO 8sn Jo S9N oy Aleid 1 8uluO 8|1/ UO (SUONIPUCD-PUe-SWLIS)W0Y A3 | 1M Alelq |pulUo//:SANy) SUONIPUOD pue SLe | 8Y1 89S *[y202/60/8T] UO AkeiqiauliuO AS|IM ‘GOEY©II/Z00T OT/I0p/Wi0d A1 Aelg 1 jpu1|uo//:Sdny WOy papeojumod ‘2 ‘v202 29V TSEST


https://doi.org/10.1016/j.scitotenv.2017.08.198
https://doi.org/10.1016/j.scitotenv.2017.08.198
https://doi.org/10.1577/1548-8446(1995)020%3C0010:afisfe%3E2.0.co;2
https://doi.org/10.1577/1548-8446(1995)020%3C0010:afisfe%3E2.0.co;2
https://doi.org/10.1002/fee.2206
https://doi.org/10.1061/(ASCE)1084-0699(2000)5:3(317)
https://doi.org/10.1061/(ASCE)1084-0699(2000)5:3(317)
https://doi.org/10.1577/t05-217.1
https://doi.org/10.1007/s00027-017-0557-9
https://doi.org/10.5066/P9Q9LQ4B
https://doi.org/10.1111/j.1600-0706.2011.19694.x
https://doi.org/10.1111/j.1600-0706.2011.19694.x
https://doi.org/10.1111/cobi.13857
https://doi.org/10.1111/cobi.13857
https://doi.org/10.1029/2022WR033912
https://doi.org/10.1029/2022WR033912
https://doi.org/10.1038/s41467-021-21651-0
https://doi.org/10.1038/s41467-021-21651-0
https://doi.org/10.1577/T05-243.1
https://doi.org/10.1126/sciadv.1600026
https://doi.org/10.1126/sciadv.1600026
https://doi.org/10.1111/1752-1688.12372
https://doi.org/10.1111/1752-1688.12372
https://doi.org/10.1139/cjfas-2016-0255
https://doi.org/10.1139/cjfas-2016-0255
https://doi.org/10.1577/m07-017.1
https://doi.org/10.1577/m07-017.1
https://doi.org/10.1016/j.hydroa.2024.100172
https://doi.org/10.1016/j.hydroa.2024.100172
https://doi.org/10.1002/2017WR020969
https://doi.org/10.1002/2017WR020969
https://doi.org/10.1073/pnas.1522429113
https://doi.org/10.1073/pnas.1522429113
https://doi.org/10.1111/gcb.12879
https://doi.org/10.1016/j.jhydrol.2020.124929
https://doi.org/10.1002/2017WR020455
https://doi.org/10.1002/rra.2638
https://doi.org/10.1002/rra.2638
https://doi.org/10.5194/hess-10-873-2006
https://doi.org/10.5194/hess-10-873-2006
https://doi.org/10.1080/02755947.2016.1221004
https://doi.org/10.1080/02755947.2016.1221004
https://doi.org/10.1002/rra.2677

VALENTINE €T AL

WILEY_L

stream and river temperatures in the United States. Frontiers in Ecology
and the Environment, 8(9), 461-466. https://doi.org/10.1890/090037

Kazyak, D. C., Lubinski, B. A., Kulp, M. A,, Pregler, K. C., Whiteley, A. R,,
Hallerman, E., Coombs, J. A, Kanno, Y., Rash, J. M., Morgan, R. P., II,
Habera, J., Henegar, J., Weathers, T. C, Sell, M. T., Rabern, A,
Rankin, D., & King, T. L. (2022). Population genetics of brook trout in
the southern Appalachian Mountains. Transactions of the American
Fisheries Society, 151(2), 127-149. https://doi.org/10.1002/tafs.
10337

Kellner, K. (2024). jagsUI: A wrapper around ‘rjags’ to streamline ‘JAGS’ ana-
lyses. R package version 1.6.2.

Kelleher, C., Wagener, T., Gooseff, M., McGlynn, B., McGuire, K., &
Marshall, L. (2012). Investigating controls on the thermal sensitivity of
Pennsylvania streams. Hydrological Processes, 26(5), 771-785. https://
doi.org/10.1002/hyp.8186

Kirk, M. A,, Hazlett, M. A., Shaffer, C. L., & Wissinger, S. A. (2022). For-
ested watersheds mitigate the thermal degradation of headwater fish
assemblages under future climate change. Ecology of Freshwater Fish,
31(3), 559-570. https://doi.org/10.1111/eff.12650

Kirk, M. A,, & Rahel, F. J. (2022). Air temperatures over-predict changes to
stream fish assemblages with climate warming compared with water
temperatures. Ecological Applications, 32(1), e02465. https://doi.org/
10.1002/eap.2465

Krider, L. A.,, Magner, J. A, Perry, J., Vondracek, B., & Ferrington, L. C., Jr.
(2013). Air-water temperature relationships in the trout streams of
southeastern Minnesota's carbonate-sandstone landscape. JAWRA
Journal of the American Water Resources Association, 49(4), 896-907.
https://doi.org/10.1111/jawr.12046

Lalot, E., Curie, F., Wawrzyniak, V., Baratelli, F., Schomburgk, S., Flipo, N.,
Piegay, H., & Moatar, F. (2015). Quantification of the contribution of
the Beauce groundwater aquifer to the discharge of the Loire River
using thermal infrared satellite imaging. Hydrology and Earth System
Sciences, 19(11), 4479-4492. https://doi.org/10.5194/hess-19-4479-
2015

Larson, G. L., & Moore, S. E. (1985). Encroachment of exotic rainbow trout
into stream populations of native brook trout in the southern Appala-
chian Mountains. Transactions of the American Fisheries Society, 114(2),
195-203. https://doi.org/10.1577/1548-8659(1985)114%3C195:
eoerti%3E2.0.co;2

Letcher, B. H., Hocking, D. J., O'Neil, K., Whiteley, A. R., Nislow, K. H., &
O'Donnell, M. J. (2016). A hierarchical model of daily stream tempera-
ture using air-water temperature synchronization, autocorrelation, and
time lags. PeerJ, 4, €1727. https://doi.org/10.7717/peerj.1727

Li, H., Deng, X., Dolloff, C. A., & Smith, E. P. (2016). Bivariate functional
data clustering: Grouping streams based on a varying coefficient
model of the stream water and air temperature relationship. Environ-
metrics, 27(1), 15-26. https://doi.org/10.1002/env.2370

Lisi, P. J., Schindler, D. E., Bentley, K. T., & Pess, G. R. (2013). Association
between geomorphic attributes of watersheds, water temperature,
and salmon spawn timing in Alaskan streams. Geomorphology, 185,
78-86. https://doi.org/10.1016/j.geomorph.2012.12.013

Lisi, P. J., Schindler, D. E., Cline, T. J., Scheuerell, M. D., & Walsh, P. B.
(2015). Watershed geomorphology and snowmelt control stream ther-
mal sensitivity to air temperature. Geophysical Research Letters, 42(9),
3380-3388. https://doi.org/10.1002/2015GL064083

Luce, C., Staab, B., Kramer, M., Wenger, S., Isaak, D., & McConnell, C.
(2014). Sensitivity of summer stream temperatures to climate variabil-
ity in the Pacific northwest. Water Resources Research, 50(4), 3428-
3443, https://doi.org/10.1002/2013WR014329

Mackey, A. P., & Berrie, A. D. (1991). The prediction of water temperatures
in chalk streams from air temperatures. Hydrobiologia, 210(3), 183-
189. https://doi.org/10.1007/BF00034676

Maheu, A., Poff, N. L., & St-Hilaire, A. (2016). A classification of stream
water temperature regimes in the conterminous USA. River Research
and Applications, 32(5), 896-906. https://doi.org/10.1002/rra.2906

Matthews, K. R., & Berg, N. H. (1997). Rainbow trout responses to water
temperature and dissolved oxygen stress in two southern California
stream pools. Journal of Fish Biology, 50(1), 50-67. https://doi.org/10.
1111/j.1095-8649.1997.tb01339.x

Mayer, T. D. (2012). Controls of summer stream temperature in the Pacific
northwest. Journal of Hydrology, 475, 323-335. https://doi.org/10.
1016/j.jhydrol.2012.10.012

Mitro, M. G., Lyons, J. D., Stewart, J. S., Cunningham, P. K, &
Griffin, J. D. T. (2019). Projected changes in brook trout and Brown
trout distribution in Wisconsin streams in the mid-twenty-first century
in response to climate change. Hydrobiologia, 840(1), 215-226.
https://doi.org/10.1007/s10750-019-04020-3

Mohseni, O., & Stefan, H. G. (1999). Stream temperature/air temperature
relationship: A physical interpretation. Journal of Hydrology, 218(3),
128-141. https://doi.org/10.1016/50022-1694(99)00034-7

Mohseni, O., Stefan, H. G., & Erickson, T. R. (1998). A nonlinear regression
model for weekly stream temperatures. Water Resources Research, 34
(10), 2685-2692. https://doi.org/10.1029/98WR01877

Monk, W. A., Wilbur, N. M., Allen Curry, R., Gagnon, R., & Faux, R. N.
(2013). Linking landscape variables to cold water refugia in rivers. Jour-
nal of Environmental Management, 118, 170-176. https://doi.org/10.
1016/j.jenvman.2012.12.024

Morrill, J. C., Bales, R. C., Conklin, M. H., et al. (2005). Estimating stream
temperature from air temperature: Implications for future water qual-
ity. Journal of Environmental Engineering, 131(1), 139-146.

Nounou, M. N., Bakshi, B. R., Goel, P. K., & Shen, X. (2002). Bayesian prin-
cipal component analysis. Journal of Chemometrics, 16(11), 576-595.
https://doi.org/10.1002/cem.759

Petty, T. J., Hansbarger, J. L., Huntsman, B. M., & Mazik, P. M. (2012).
Brook trout movement in response to temperature, flow, and thermal
refugia within a complex Appalachian riverscape. Transactions of the
American Fisheries Society, 141(4), 1060-1073. https://doi.org/10.
1080/00028487.2012.681102

Poff, N., Brinson, M. M., & Day, J. (2002). Aquatic ecosystems and global cli-
mate change (Vol. 44, pp. 1-36). Pew Center on Global Climate Change.

Poole, G. C., & Berman, C. H. (2001). An ecological perspective on in-
stream temperature: Natural heat dynamics and mechanisms of
human-caused thermal degradation. Environmental Management, 27(6),
787-802.

Portner, H.-O., Roberts, D. C., Adams, H., Adler, C., Aldunce, P., Ali, E.,
Begum, R. A, Betts, R., Kerr, R. B., Biesbroek, R., Birkmann, J.,
Bowen, K. Castellanos, E., Cissé, G. Constable, A., Cramer, W.,
Dodman, D., Eriksen, S. H., Fischlin, A, ... Stevens, N. (2022). Climate
change 2022: Impacts, adaptation and vulnerability. IPCC sixth assess-
ment report. IPCC Geneva.

QGIS Development Team. (2023). QGIS geographic information system.
QGIS Association.

R Core Team. (2022). R: A language and environment for statistical comput-
ing. R Foundation for Statistical Computing.

Ryan, P. A. (1991). Environmental effects of sediment on New Zealand
streams: A review. New Zealand Journal of Marine and Freshwater
Research, 25(2), 207-221. https://doi.org/10.1080/00288330.1991.
9516472

Selker, J. S., Thevenaz, L., Huwald, H., Mallet, A., Luxemburg, W., van de
Giesen, N., Stejskal, M., Zeman, J., Westhoff, M., & Parlange, M. B.
(2006). Distributed fiber-optic temperature sensing for hydrologic sys-
tems. Water Resources Research, 42(12), W12202. https://doi.org/10.
1029/2006WR005326

Sinokrot, B. A.,, & Stefan, H. G. (1993). Stream temperature dynamics:
Measurements and modeling. Water Resources Research, 29(7), 2299-
2312. https://doi.org/10.1029/93WR00540

Snyder, C. D., Hitt, N. P, & Young, J. A. (2015). Accounting for
groundwater in stream fish thermal habitat responses to climate
change. Ecological Applications, 25(5), 1397-1419. https://doi.org/10.
1890/14-1354.1

95U8917 SUOWLIOD 9AIER1D) 3edt|dde aup Aq peusenof a8 Sajo1e YO 8sn Jo S9N oy Aleid 1 8uluO 8|1/ UO (SUONIPUCD-PUe-SWLIS)W0Y A3 | 1M Alelq |pulUo//:SANy) SUONIPUOD pue SLe | 8Y1 89S *[y202/60/8T] UO AkeiqiauliuO AS|IM ‘GOEY©II/Z00T OT/I0p/Wi0d A1 Aelg 1 jpu1|uo//:Sdny WOy papeojumod ‘2 ‘v202 29V TSEST


https://doi.org/10.1890/090037
https://doi.org/10.1002/tafs.10337
https://doi.org/10.1002/tafs.10337
https://doi.org/10.1002/hyp.8186
https://doi.org/10.1002/hyp.8186
https://doi.org/10.1111/eff.12650
https://doi.org/10.1002/eap.2465
https://doi.org/10.1002/eap.2465
https://doi.org/10.1111/jawr.12046
https://doi.org/10.5194/hess-19-4479-2015
https://doi.org/10.5194/hess-19-4479-2015
https://doi.org/10.1577/1548-8659(1985)114%3C195:eoerti%3E2.0.co;2
https://doi.org/10.1577/1548-8659(1985)114%3C195:eoerti%3E2.0.co;2
https://doi.org/10.7717/peerj.1727
https://doi.org/10.1002/env.2370
https://doi.org/10.1016/j.geomorph.2012.12.013
https://doi.org/10.1002/2015GL064083
https://doi.org/10.1002/2013WR014329
https://doi.org/10.1007/BF00034676
https://doi.org/10.1002/rra.2906
https://doi.org/10.1111/j.1095-8649.1997.tb01339.x
https://doi.org/10.1111/j.1095-8649.1997.tb01339.x
https://doi.org/10.1016/j.jhydrol.2012.10.012
https://doi.org/10.1016/j.jhydrol.2012.10.012
https://doi.org/10.1007/s10750-019-04020-3
https://doi.org/10.1016/S0022-1694(99)00034-7
https://doi.org/10.1029/98WR01877
https://doi.org/10.1016/j.jenvman.2012.12.024
https://doi.org/10.1016/j.jenvman.2012.12.024
https://doi.org/10.1002/cem.759
https://doi.org/10.1080/00028487.2012.681102
https://doi.org/10.1080/00028487.2012.681102
https://doi.org/10.1080/00288330.1991.9516472
https://doi.org/10.1080/00288330.1991.9516472
https://doi.org/10.1029/2006WR005326
https://doi.org/10.1029/2006WR005326
https://doi.org/10.1029/93WR00540
https://doi.org/10.1890/14-1354.1
https://doi.org/10.1890/14-1354.1

25 | WILEY

VALENTINE ET AL.

Stacklies, W., Redestig, H., Scholz, M., Walther, D., & Selbig, J. (2007).
pcaMethods - A Bioconductor package providing PCA methods for
incomplete data. Bioinformatics, 23, 1164-1167.

Stefan, H. G., & Preud'homme, E. B. (1993). Stream temperature estima-
tion from air temperature. JAWRA Journal of the American Water
Resources Association, 29(1), 27-45. https://doi.org/10.1111/j.1752-
1688.1993.tb01502.x

Sullivan, C. J., Vokoun, J. C., Helton, A. M., Briggs, M. A., & Kurylyk, B. L.
(2021). An ecohydrological typology for thermal refuges in streams and
rivers. Ecohydrology, 14(5), €2295. https://doi.org/10.1002/ec0.2295

Tague, C,, Farrell, M., Grant, G,, Lewis, S., & Rey, S. (2007). Hydrogeologic
controls on summer stream temperatures in the McKenzie River basin,
Oregon. Hydrological Processes, 21(24), 3288-3300. https://doi.org/
10.1002/hyp.6538

Toffolon, M., & Piccolroaz, S. (2015). A hybrid model for river water tem-
perature as a function of air temperature and discharge. Environmental
Research Letters, 10(11), 114011. https://doi.org/10.1088/1748-
9326/10/11/114011

Trego, C. T., Merriam, E. R., & Petty, J. T. (2019). Non-native trout limit
native brook trout access to space and thermal refugia in a restored
large-river system. Restoration Ecology, 27(4), 892-900. https://doi.
org/10.1111/rec.12925

Trumbo, B. A., Nislow, K. H., Stallings, J., Hudy, M., Smith, E. P., Kim, D.-Y.,
Wiggins, B., & Dolloff, C. A. (2014). Ranking site vulnerability to
increasing temperatures in southern Appalachian brook trout streams
in Virginia: An exposure-sensitivity approach. Transactions of the Amer-
ican Fisheries Society, 143(1), 173-187. https://doi.org/10.1080/
00028487.2013.835282

Tscholl, S., Tasser, E., Tappeiner, U., & Egarter Vigl, L. (2022). Coupling
solar radiation and cloud cover data for enhanced temperature predic-
tions over topographically complex mountain terrain. International
Journal of Climatology, 42(9), 4684-4699. https://doi.org/10.1002/joc.
7497

U.S. Geological Survey. (2016). NHDPlus Version 2. U.S. Geological Survey.

van Vliet, M. T. H, Franssen, W. H. P., Yearsley, J. R, Ludwig, F.,
Haddeland, 1., Lettenmaier, D. P., & Kabat, P. (2013). Global river dis-
charge and water temperature under climate change. Global Environ-
mental Change, 23(2), 450-464. https://doi.org/10.1016/j.gloenvcha.
2012.11.002

Webb, B. W. (1992). Climate change and the thermal regime of Rivers. Uni-
versity of Exeter, Department of Geography.

Webb, B. W., Hannah, D. M., Moore, R. D., Brown, L. E., & Nobilis, F.
(2008). Recent advances in stream and river temperature research.

Hydrological Processes, 22(7), 902-918. https://doi.org/10.1002/hyp.
6994

Webb, B. W., & Nobilis, F. (1997). Long-term perspective on the nature of
the air-water temperature relationship: A case study. Hydrological Pro-
cesses, 11(2), 137-147. https://doi.org/10.1002/(SICI)1099-1085
(199702)11:2%3C137::AID-HYP405%3E3.0.CO;2-2

Webb, B. W., & Zhang, Y. (1999). Water temperatures and heat budgets in
Dorset chalk water courses. Hydrological Processes, 13(3), 309-321.
https://doi.org/10.1002/(SIC1)1099-1085(19990228)13:3%3C309::AlD-
HYP740%3E3.0.CO;2-7

Webhrly, K. E., Wang, L., & Mitro, M. (2007). Field-based estimates of ther-
mal tolerance limits for trout: Incorporating exposure time and tem-
perature fluctuation. Transactions of the American Fisheries Society, 136
(2), 365-374. https://doi.org/10.1577/t06-163.1

White, S. L., Johnson, T. C., Rash, J. M., Lubinski, B. A., & Kazyak, D. C.
(2023). Using genetic data to advance stream fish reintroduction sci-
ence: A case study in brook trout. Restoration Ecology, 31(1), e13662.
https://doi.org/10.1111/rec.13662

Winfree, M. (2017). The influence of geomorphic and landscape characteris-
tics on stream temperature and Streamwater sensitivity to air tempera-
ture in the coastal temperate rainforest of Southeast Alaska [PhD thesis].
University of Alaska Fairbanks.

Zhu, S., Nyarko, E. K., & Hadzima-Nyarko, M. (2018). Modelling daily water
temperature from air temperature for the Missouri River. Peer), 6,
e4894. https://doi.org/10.7717/peerj.4894

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

How to cite this article: Valentine, G. P., Lu, X., Dolloff, C. A,
Roghair, C. N., Rash, J. M., Hooten, M. B., & Kanno, Y. (2024).
Landscape influences on thermal sensitivity and predicted
spatial variability among brook trout streams in the
southeastern USA. River Research and Applications, 40(7),
1242-1255. https://doi.org/10.1002/rra.4305

95U8917 SUOWLIOD 9AIER1D) 3edt|dde aup Aq peusenof a8 Sajo1e YO 8sn Jo S9N oy Aleid 1 8uluO 8|1/ UO (SUONIPUCD-PUe-SWLIS)W0Y A3 | 1M Alelq |pulUo//:SANy) SUONIPUOD pue SLe | 8Y1 89S *[y202/60/8T] UO AkeiqiauliuO AS|IM ‘GOEY©II/Z00T OT/I0p/Wi0d A1 Aelg 1 jpu1|uo//:Sdny WOy papeojumod ‘2 ‘v202 29V TSEST


https://doi.org/10.1111/j.1752-1688.1993.tb01502.x
https://doi.org/10.1111/j.1752-1688.1993.tb01502.x
https://doi.org/10.1002/eco.2295
https://doi.org/10.1002/hyp.6538
https://doi.org/10.1002/hyp.6538
https://doi.org/10.1088/1748-9326/10/11/114011
https://doi.org/10.1088/1748-9326/10/11/114011
https://doi.org/10.1111/rec.12925
https://doi.org/10.1111/rec.12925
https://doi.org/10.1080/00028487.2013.835282
https://doi.org/10.1080/00028487.2013.835282
https://doi.org/10.1002/joc.7497
https://doi.org/10.1002/joc.7497
https://doi.org/10.1016/j.gloenvcha.2012.11.002
https://doi.org/10.1016/j.gloenvcha.2012.11.002
https://doi.org/10.1002/hyp.6994
https://doi.org/10.1002/hyp.6994
https://doi.org/10.1002/(SICI)1099-1085(199702)11:2%3C137::AID-HYP405%3E3.0.CO;2-2
https://doi.org/10.1002/(SICI)1099-1085(199702)11:2%3C137::AID-HYP405%3E3.0.CO;2-2
https://doi.org/10.1002/(SICI)1099-1085(19990228)13:3%3C309::AID-HYP740%3E3.0.CO;2-7
https://doi.org/10.1002/(SICI)1099-1085(19990228)13:3%3C309::AID-HYP740%3E3.0.CO;2-7
https://doi.org/10.1577/t06-163.1
https://doi.org/10.1111/rec.13662
https://doi.org/10.7717/peerj.4894
https://doi.org/10.1002/rra.4305

VALENTINE €T AL

WILEY_| 5%

APPENDIX A
A.1 | Linear temperature model
For the linear regression, we omitted observations where air tempera-
tures were less than 0°C. We then fit weekly mean water temperature
Tw (¢ C) at site i=1,...,203 and week n=1,..,N as a function of
weekly mean air temperature Ta (°C) with

Twin ~ normal (a; +/}iTAi,n,c52); (5)

where f3; is modeled as

i ~normal (91 +0,PCA; +03PCA2; +04PCAz; +05PCA4; + 64 PCAS,i,(’f}) .

(6)
Priors for the linear model were
a; ~normal(0,1000),
o ~ uniform(0, 10),
(7)

6 ~ normal(0,100),
o ~ uniform(0, 10),

for sitei=1,...,203.

We implemented and evaluated the linear model using the same
Bayesian framework described for the logistic model. All parameters
converged at R values of 1.1 or less. The model had an RMSE of 1.66
and a mean R? of 0.9. Posterior predictive checks showed little evi-
dence for lack of fit, with mean Bayesian p-values for mean and stan-
dard deviation of 0.51 and 0.26. Linear regression slopes varied from
0.22 (95% HPDI: 0.19-0.24) to 1.02 (95% HPDI: 0.99-1.05), with an
average slope of 0.72. For comparison, the nonlinear model had a
mean R? of 0.91, an RMSE of 1.73, and an average slope of 0.85.

A.2 | Priordistributions

For the logistic temperature model,

a; ~ normal(minWaterTemp;, 100),
i ~normal(maxWaterTemp;, 100),
ki ~normal(20,100),

o ~ uniform(0, 10),

6 ~ normal(0,100),

o ~ uniform(0,10),

where minWaterTemp; is the observed minimum water temperature
(°C) and maxWaterTemp; is the observed maximum water tempera-
ture (°C) at site i=1,...,203.

A3 | Variable definitions

Hydrologic variables sourced from the USGS' NHDplus v2.1 (U.S.
Geological Survey, 2016) follow the form YZ_XX. The first letter of
the variable code (Y) represents the type of hydrologic variable, with
“Q” representing flow predictions and “V” representing stream
velocity predictions. The second letter of the variable code
(Z) represents the origin of the hydrologic variable, with “A” repre-
senting cumulative runoff, “C” representing reference gauge regres-
sion, and “E” representing gauge flow. XX indicates the time period
of record, with “MA” representing the mean annual statistic and
numbers representing monthly statistics. Landscape variables
sourced from the Environmental Protection Agency StreamCat data-
base (Hill et al., 2016) are classified at either the watershed (“Ws”)
or catchment (“Cat”) level. The NHDplus includes stream segment
details such as coordinates, elevation, slope, Strahler order, length,
and drainage area, as well as metrics of monthly and annual flow and
velocity. The StreamCat database includes metrics of landcover,
geology, soil makeup, and climate at the watershed and stream seg-
ment catchment scale. Watersheds are defined here as the contrib-
uting area of land that drains to the outlet of the stream segment,
while catchments are defined as portions of landscape that drain
directly to a stream segment, excluding upstream contributions (Hill
et al., 2016). StreamCat abbreviations are as follows: BFI, baseflow
index; PctColluvSed, % cover of colluviated sediment; PctDe-
cid2016, % cover of deciduous landcover as measured from 2016
LandSat dataPctUrbLo2016, % cover of low-density urban landcover
as measured from 2016 LandSat data; PctUrbMid2016, % cover of
mid-density urban landcover as measured from 2016 LandSat data;
PctUrbOp2016, % land cover of developed open space as measured
from 2016 LandSat data; Perm, mean soil permeability; precip, pre-
cipitation; Tmax, maximum air temperature; Tmean, mean air tem-
perature; Tmin, minimum air temperature; and Wetlndex, soil
wetness index. Further variable descriptions may be found in the
NHDPIus User Guide and EPA StreamCat database metrics and

definitions page.

95U8917 SUOWLIOD 9AIER1D) 3edt|dde aup Aq peusenof a8 Sajo1e YO 8sn Jo S9N oy Aleid 1 8uluO 8|1/ UO (SUONIPUCD-PUe-SWLIS)W0Y A3 | 1M Alelq |pulUo//:SANy) SUONIPUOD pue SLe | 8Y1 89S *[y202/60/8T] UO AkeiqiauliuO AS|IM ‘GOEY©II/Z00T OT/I0p/Wi0d A1 Aelg 1 jpu1|uo//:Sdny WOy papeojumod ‘2 ‘v202 29V TSEST



	Landscape influences on thermal sensitivity and predicted spatial variability among brook trout streams in the southeastern USA
	1  INTRODUCTION
	2  METHODS
	2.1  Study area and dataset
	2.2  Principal components analysis
	2.3  Hierarchical model
	2.4  Thermal sensitivity predictions and gap analysis

	3  RESULTS
	3.1  Logistic model
	3.2  Landscape effects on thermal sensitivity
	3.3  Predictions of thermal sensitivity

	4  DISCUSSION
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES
	APPENDIX A
	  Linear temperature model
	  Prior distributions
	  Variable definitions



