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A B S T R A C T   

Instream temperatures control numerous biophysical processes and are frequently the subject of modeling efforts 
to understand and predict responses to watershed conditions, habitat alterations, and climate change. Air tem
perature (AT) is regularly used in statistical temperature models as a covariate proxy for physical processes and 
because it correlates strongly with spatiotemporal variability in water temperatures (Tw). Air temperature data 
are broadly available and sourced from sensors paired with Tw sites, remote weather stations, and gridded 
climate data sets—often with limited recognition of the tradeoffs these sources present and how microclimatic 
variation in topographically complex mountain environments could affect model inference. To address these 
issues, we collected daily Tw records at 13 sites throughout a mountain river network, linked the records to AT 
data from 11 sources available across much of North America, and fit linear regression models to assess pre
dictive performance and the consistency of parameter estimation. Although the predictive accuracy of these 
models was generally high, estimates of the AT slope parameter, which is commonly interpreted as thermal 
sensitivity, varied substantially depending on the AT data source. These results have implications for the 
comparability of estimates among Tw studies and highlight the challenges that modeling stream temperatures in 
mountain landscapes presents. Although no AT data source is ideal, some are more advantageous than others for 
specific use cases and we provide general recommendations on this topic.   

1. Introduction 

Water temperature (Tw) is a master variable in streams due to its 
mediation of other water quality attributes (Himmelblau, 1960; Jacob
sen, 2020) and direct effects on organisms (Pörtner and Peck, 2010; 
Verberk et al., 2011). Thermal conditions vary throughout river net
works and are responsive to the amount of shade provided by near- 
stream vegetation (Moore et al., 2005; Nussle et al., 2015), channel 
morphology (Nichols and Ketcheson, 2013; Weber et al., 2017), 
groundwater influxes (Briggs et al., 2018; Rey et al., 2023), and mete
orological variability (Webb and Nobilis, 2007; Isaak et al., 2012). 
Models are frequently used to understand the linkages between Tw 
variation and environmental conditions, and statistical models, in 
particular, have proliferated in recent decades due to their ease of 
implementation with growing Tw and covariate databases (Benyahya 
et al., 2007; Ouellet et al., 2020). Air temperature (AT) is commonly 
used as a covariate in these models because it represents physical 
mechanisms such as longwave radiation and sensible heat transfer 
(Webb and Zhang, 1997; St-Hilaire et al., 2021) and correlates strongly 

with Tw over a range of spatial and temporal scales (Stefan and Pre
ud’homme, 1993; Morrill et al., 2005; van Vliet et al., 2011). In statis
tical models that predict spatial variability among stream sites, the ratio 
between Tw variation and AT variation (Δ ◦CTw/Δ ◦CAT), estimated as 
the slope parameter in linear regression models, can be interpreted as a 
lapse rate and provides information about Tw trends relative to gradients 
in elevation or latitude (Isaak and Luce, 2023; Isaak and Rieman, 2013; 
Weller et al., 2023). In statistical models predicting temporal dynamics 
at individual sites, however, this ratio is commonly referred to as ther
mal sensitivity (Tsens; Kelleher et al., 2012; Luce et al., 2014) and is used 
to infer the importance of groundwater buffering (e.g., smaller Tsens ~ 
larger groundwater contributions) and to forecast or hindcast changes in 
Tw by scaling predicted or observed changes in AT (Isaak et al., 2012; 
Mauger et al., 2017). Similar site-specific temporal applications have 
been undertaken based on annual amplitude ratios between AT and Tw 
(Briggs et al., 2018; Johnson et al., 2020), using the popular nonlinear 
regression model developed by Mohseni et al. (1998,1999), and a 
growing host of artificial intelligence and hybrid modeling approaches 
(Gallice et al., 2015; Piccolroaz et al., 2016; Zhu and Piotrowski, 2020). 
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The AT data sets used in Tw models are obtained from a variety of 
sources but fall into three basic categories. Early studies usually relied 
on AT records from long-term weather stations that were located 
remotely from Tw monitoring sites (e.g., Stefan and Preud’homme, 
1993; Webb and Nobilis, 1997; Mohseni et al., 1998). With the advent of 
miniature temperature sensors in the 1990s, however, the costs of data 
acquisition decreased substantially and researchers began implementing 
paired deployments wherein Tw sensors were matched with AT sensors 
placed in adjacent valleys or near-stream vegetation (e.g., Trumbo et al., 
2014; Briggs et al., 2018; Molinos et al., 2022) to improve the accuracy 
of microclimatic measurements associated with streams (Benyahya 
et al., 2010). The third source of AT data is gridded climate data sets (e. 
g., Mohseni et al., 2003; Siegel et al., 2022), which are spatially 
continuous predictions of thermal conditions derived from an underly
ing model. These models use statistical approaches to interpolate spatial 
and temporal AT patterns from data records collected at weather sta
tions and locally dense AT sensor arrays which may be deployed to 
enhance spatial resolution in complex topographic environments 
(Lundquist and Cayan, 2007; Holden et al., 2016). The best known of 
these is the PRISM (Parameter-elevation Relationships on Independent 
Slopes; Daly et al., 2002,2008) model but several others have been 
developed and seen use in Tw studies, which are based on different input 
data sets and interpolation routines that span the coterminous U.S. or 
the entirety of North America (Table 1). 

As the number of Tw models has grown, there has been limited 
recognition of the potential consequences that the use of AT data from 
different sources could have on inference. One exception is Mohseni 
et al. (1998), who compared the predictive accuracy of Tw models 
developed with AT data from remote stations across a range of distances 
and found limited performance declines out to spatial lags of 250 km. 
More recently, Johnson et al. (2020) compared AT measured at stream 
sites with that predicted for the same locations by PRISM and concluded 
the values were similar enough that PRISM data could be used at Tw sites 
which lacked paired AT sensors. However, no study of which we are 

aware has attempted a broader assessment of AT data from numerous 
sources or examined the effects of temporal variability in these records, 
which should be a key determinant of Tsens parameter estimates with 
statistical models. Moreover, AT variability often differs substantially 
over short distances based on landscape position and local microcli
mates (Daly et al., 2010; Pepin et al., 2011), especially in mountainous 
environments where a disproportionately large number of Tw studies 
have been conducted due to concerns about climatically sensitive cold- 
water organisms (Gallice et al., 2015; Ouellet et al., 2020). In these 
environments, AT variability in concave landforms such as the valley 
bottoms where paired AT sensors are deployed is usually less than 
convex landforms like the exposed ridgelines where weather monitoring 
stations are often established or the freely circulating air masses above 
the terrain which are simulated by global climate models (GCMs; Daly 
et al., 2010; Pepin et al., 2011). 

To explore these issues in more detail, we collected Tw records across 
a mountain river network, linked these records to AT data from paired, 
remote, and gridded climate sources, then derived Tsens estimates and 
measures of predictive accuracy using statistical regression models. Our 
results indicate that nontrivial effects on parameter estimates and pre
dictive accuracy may arise simply due to the source of AT data, a finding 
that should stimulate a broader discussion within the Tw modeling 
community about the complexities of using AT as a covariate within 
mountainous landscapes. Secondary objectives of this study were to 
broaden awareness regarding some of the AT data sources that are 
currently available in North America and to describe tradeoffs associ
ated with using different data sets. 

2. Materials and methods 

2.1. Study area 

The study was conducted in the upper Boise River Basin of central 
Idaho in the northwestern U.S. (Fig. 1a). The river basin encompasses 

Table 1 
Air temperature data sets with daily temporal resolution that are broadly available for the United States and North America.  

Source type Data 
source1 

Spatial extent and 
resolution 

Temporal 
extent 

Data description References 

Weather 
monitoring 
station 

SNOTEL – 1980–present Site records of daily temperatures, snowpack, precipitation, and other 
climatic conditions collected by a network of 900 automated 
monitoring stations in high-elevation mountain watersheds across the 
western U.S. 

USDA, 1988; Schaefer and 
Johnson, 1992; Serreze et al., 
1999  

NOAA 
COOP 

– 1895–present Site records of daily minimum and maximum temperatures from a 
network of 1,219 monitoring stations, which are maintained by 
volunteers across the coterminous U.S. Record lengths vary by site but 
many are long-term and the most consistent subset of records comprises 
the U.S. Historical Climatology Network. 

Menne et al., 2009 

Gridded climate 
data set 

PRISM2 Coterminous U.S. 
at 4 km2 

1980–present Gridded data sets of air temperature and precipitation that were 
predictively interpolated from records at ~10,000 monitoring sites, 
which include records from SNOTEL, COOP, and other sources. 

Daly et al., 2002, 2008  

TopoWx Coterminous U.S. 
at 0.8 km2 

1948–2016 Gridded data sets of air temperature that were predictively interpolated 
from records at ~14,000 monitoring sites, which include records from 
SNOTEL, COOP, and other sources. Interpolation routines also 
incorporate remotely sensed satellite estimates of land surface 
temperature as a covariate. 

Oyler et al., 2014, 2016  

DayMet North America at 
1 km2 

1980–present Gridded data sets of air temperature, precipitation, and other climate 
variables that were predictively interpolated from records at ~12,000 
monitoring sites, which include records from SNOTEL, COOP, and other 
sources. 

Thornton et al., 1997, 2012, 
2021  

GridMet Coterminous U.S. 
at 4 km2 

1979–present Gridded data sets of air temperature, precipitation, and other climate 
variables derived by integrating PRISM spatial data sets with temporal 
data from the North American Land Data Assimilation System Phase 2 ( 
Mitchell et al., 2004). 

Abatzoglou, 2013  

1 Websites hosting data: SNOTEL (Snow Telemetry): https://www.nrcs.usda.gov/wps/portal/wcc/home/aboutUs/monitoringPrograms/automatedSnowMonitorin 
g; NOAA COOP (National Oceanic and Atmospheric Administration Cooperative Observer Program): https://www.ncei.noaa.gov/products/land-based-station/coope 
rative-observer-network; PRISM (Parameter-elevation Relationships on Independent Slopes Model): https://prism.oregonstate.edu/; TopoWx (Topography Weather): 
https://www.scrim.psu.edu/resources/topowx/; DayMet (Daily Meteorology): https://daymet.ornl.gov/; GridMet (Gridded Meteorology): https://www.climatologyl 
ab.org/gridmet.html. 

2 Higher-resolution data at 0.8 km2 are available for a fee but were not used in this study. 
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Fig. 1. Monitoring sites in the Boise River basin of central Idaho where temperature and stream discharge records were collected from June 1 through August 31, 
2011 (panel a). Mean daily Tw, AT, and Q records at site 7 on Big Peak Creek, which were indicative of general trends at all stream sites during the study period 
(panel b). 
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6,900 km2 and is drained by 2,500 km of perennial streams that range in 
elevation from 900 to 2,500 m (Isaak et al., 2010). The terrain is com
plex and most stream valleys are v-shaped, as is characteristic of land
scapes underlain by the granitic Idaho Batholith (Hyndman, 1983; 
Meyer et al., 2001). Stream-side vegetation is dominated by coniferous 
trees and willow shrubs whereas hillslopes are covered by conifers, 
grasses, and exposed rock areas depending on elevation and aspect. The 
climate is strongly seasonal with warm, dry summers and cold winters 
during which deep snowpacks accumulate at the highest elevations. 
Runoff patterns are typical of snowmelt-driven streams and consist of a 
pronounced peak in discharge during April–July and lower baseflows 
during the remainder of the year (Fig. 1b). Human population densities 
are low within the basin and most of the area is publicly owned and 
federally administered by the U.S. Forest Service for a variety of land- 
use, recreational, and conservation purposes. Unpaved road networks 
have been developed in some drainages for timber harvest but many 
drainages are unroaded and have minimal anthropogenic effects. 

2.2. Tw and air temperature data sets 

Water temperature records were obtained from 13 stream sites 
throughout the Boise River network using miniature sensors (Onset 
Computer Corporation TidbiT sensor, accuracy of ±0.2 ◦C) that were 
attached to the downstream surfaces of large boulders with underwater 
epoxy (Isaak et al., 2013; Fig. 1a). Sensors were shielded to eliminate the 
bias that incident sunlight causes and were set to record temperatures 18 
times daily during a three-month period from June 1 through August 31, 
2011. Sampling encompassed the warmest portion of the year when 
most Tw monitoring is done in western North America and the effects of 
maximum temperatures on aquatic communities are of greatest concern 
(Isaak et al., 2017; Weller et al., 2023). At each stream site, a paired AT 
sensor (ThermoWorks Logtag® sensor TRIX-8, accuracy of ±0.5 ◦C) was 
attached to a large tree within 10–100 m of the Tw sensor, shielded from 
sunlight following the protocol developed by Holden et al. (2013), and 
set to record 18 daily measurements. All sensors were downloaded in 
September of 2011 and the temperature records were subject to quality 
control measures as described elsewhere (Chandler et al., 2016) before 
the multiple daily recordings were averaged to create mean daily tem
perature values for the 92 days composing the study period. 

Additional daily AT records for the study period were obtained from 
six remote weather stations (1–105 km from Tw sites) that were in or 
adjacent to the basin and are part of the SNOTEL (Snowpack Telemetry) 
monitoring network in mountainous areas of the western U.S. (Table 1). 
Two of these stations occurred in valley locations (SNOTEL station IDs 
496 and 769) and four occurred on ridgelines (SNOTEL station IDs 306, 
450, 550, and 845). Mean daily AT values in these records were aligned 
with each of the 13 Tw records to create data sets for analysis. Mean daily 
ATs for the stream sites were also obtained from four gridded climate 
data sets that are freely available across much of North America and 
included PRISM, TopoWx (Topography Weather model), DayMet (Daily 
Meteorology model), and GridMet (Gridded Meteorology model). To 
match Tw records with those data, AT values were assigned from the grid 
cell that encompassed a Tw sensor site. Additional details concerning the 
gridded climate data sets, their spatiotemporal extents and resolutions, 
and supporting references are provided in Table 1. 

Because stream discharge (Q) exhibited a strong trend during the 
study period (Fig. 1b) and often mediates the relationship between Tw 
and AT (Hockey et al., 1982; Webb et al., 2003; van Vliet 2011), we 
obtained a Q record from a flow gage on the South Fork of the Boise 
River (gage ID 13186000 in the National Water Information System htt 
ps://waterdata.usgs.gov/nwis). Mean daily Q values were calculated 
from the record and aligned with the Tw and AT records described above 
so that Q could be used as an additional regression model covariate. The 
final data sets used for analysis, therefore, consisted of 13 Tw records, 
each of which was aligned with data from one Q source and 11 AT 
sources (a paired sensor, six remote stations, and four gridded climate 

data sets). 

2.3. Analysis 

Similarities among the AT, Q, and Tw records were described by 
calculating a pairwise correlation matrix. Linear regression models were 
used to estimate the effects of AT on Tw with models of two forms, one 
that included AT as the sole covariate (Tw = b0 + b1⋅AT) and one that 
also included Q as a covariate (Tw = b0 + b1⋅AT + b2⋅Q) where b0 was the 
intercept, b1 was the slope parameter for AT, and b2 was the slope 
parameter for Q. The predictive performance of the models was sum
marized using r2 and the root mean square error (RMSE). The b1 pa
rameters were interpreted as estimates of Tsens as is common practice 
(Morrill et al., 2005; Hilderbrand et al., 2014; Luce et al., 2014). To 
further illustrate how temporal variability in AT records may have 
related to the Tsens estimates, the estimates were plotted against the 
standard deviations of the AT records at individual stream sites and 
correlations calculated. 

3. Results 

Stream sites were distributed throughout the river network across a 
range of elevations (1,054–2,099 m), reach slopes (0.44–13.9 %), and 
watershed sizes (6.34–1,978 km2), and had mean Tw of 6.19 to 13.3 ◦C 
during the study (Table 2). The trend in daily Tw at the Big Peak Creek 
site, which was indicative of the other sites, showed warming in concert 
with AT during the first half of the study before reaching a plateau 
characterized by daily variability in the latter half (Fig. 1b). Stream Q 
was high during the first 30 days, dropped five-fold over the subsequent 
30 days, and persisted at low levels thereafter. 

Pairwise correlations among the AT records from the 11 sources were 
strong overall although several sub-patterns were notable (Table 3). 
Correlations among the remote weather station records were especially 
strong (r ≥ 0.94) and suggested a general coherence of AT dynamics 
across the basin. However, these records were more weakly associated 
with measurements at AT sensors paired with stream sites (r = 0.82), 
which indicated a degree of near-stream microclimatic decoupling. 
Across all AT sources, TopoWx model predictions correlated most 
strongly with paired sensor records (r = 0.88) and GridMet predictions 
were weakest (r = 0.78). The correlation strength between Tw and AT 
records was greatest for the paired sensors, TopoWx, and PRISM, and 
weakest for the remote stations. 

The Tw models developed with AT records resulted in good predic
tive performance, although models including Q were substantially better 
than those which omitted this covariate (Table 4). Models built with AT 
data from paired sensors only slightly outperformed those using data 
from PRISM, TopoWx, and DayMet, and this group of models was 
consistently better than those relying on remote station data. Estimates 
of Tsens from the AT + Q models are summarized in Fig. 2 and show two 
notable patterns. First, there was consistency across stream sites in terms 
of relative magnitudes, i.e., sites with low Tsens estimates using one AT 
source also had low estimates with the other AT sources. Second, sub
stantial variability existed within sites where estimates could span two- 
fold differences depending on the AT source. Similar patterns within and 
among stream sites occurred in the Tsens estimates derived from the AT- 
only regression models (not shown in Fig. 2) except that these estimates 
were systematically higher when averaged across sites as shown in 
Fig. 3. Consistent across both model types, however, estimates derived 
from remote ridge stations, as well as PRISM and GridMet, were always 
lower than those from paired AT records. Estimates from TopoWx and 
DayMet were most similar to estimates from paired AT sensors, while 
those derived using AT data from the two remote valley stations showed 
mixed results (higher than the paired sensor estimates in the AT-only 
models, but similar to paired sensor estimates in the AT + Q models). 
Finally, plots of the relationships between Tsens estimates and the stan
dard deviation of AT records used in regression model development 
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showed strong negative correlations indicating that, as expected, Tsens 
estimates were strongly affected by the variability in AT records (Fig. 4). 

4. Discussion 

Our results highlight the important effects that the choice of an AT 
data source can have on Tw model results. Differences in predictive 
performance were expected because these sources vary in resolution, 
locations relative to stream monitoring sites, and ability to accurately 
represent near-stream environments. However, if it is assumed that data 
from paired AT sensors were most accurate, then Tsens estimates derived 
from some sources appear to be biased. If these biases are consistent 

among sites within a study, it would not degrade comparative inference 
but inter-study comparisons could be affected when AT sources differ. 
Also potentially problematic are individual studies which employ mix
tures of AT data sources. These mixtures could occur spatially, for 
example, when AT predictions based on a gridded climate data set are 
used at a subset of Tw sites in lieu of paired sensors which are deployed at 
the remainder of sites. Problematic mixtures could also occur tempo
rally, as when site-specific Tw models are calibrated to historical AT 
variability measured at monitoring stations and the resulting Tsens esti
mates are used to scale AT forecasts from GCMs that may exhibit 
different variability (Daly et al., 2010; MRI, 2015). In this instance, 
contextualizing Tw forecasts by conditioning on the expectation that a 
specific AT increase is realized at the stream monitoring sites is probably 
most appropriate. An alternative may be sourcing AT data from histor
ical reanalysis datasets that are generated by the same dynamic climate 
models used in GCM forecasts (Compo et al., 2011; Hersbach et al., 
2020). Such an approach would provide a consistent AT data context but 
accuracy assessments would first be required to understand the utility of 
reanalysis data sets for Tw modeling given their relatively coarse grid 
cell sizes. 

Those latter points highlight the challenges of modeling Tw in 
topographically complex terrains which exhibit a diversity of microcli
mates related to landscape position. Because mountain streams are 
located in valleys adjacent to steep hillslopes, they often experience 
cold-air drainage, persistent thermal inversions and a degree of decou
pling from these phenomena and broader synoptic weather patterns due 
to the insulating effects of riparian vegetation canopies. The end result is 
that AT is usually less variable near streams than other locations on or 
above mountain landscapes. As our results indicate, this dampened 
variability translates to Tsens estimates which are higher when derived 

Table 2 
Summary of environmental conditions and mean daily Tw records at 13 stream sites in the Boise River basin of central Idaho for June 1 through August 31, 2011.    

Reach Watershed Temperature (◦C) 

Stream Elevation (m) Slope (%) size (km2) Mean SD Minimum Maximum 

1. MFK Boise River 1,054 0.44 1,978 13.3 3.64 7.79 19.3 
2. Mores Creek 1,499 5.28 27.2 8.56 2.37 3.77 12.03 
3. Paradise Creek 2,063 7.35 14.6 6.90 1.74 3.44 9.48 
4. Pikes Fork 1,701 2.09 23.4 8.53 2.36 3.46 12.0 
5. Trinity Cr 2,099 8.77 6.34 7.54 3.70 1.52 11.9 
6. Crooked River 1,943 2.10 36.5 6.44 2.18 2.18 9.59 
7. Big Peak Creek 1,928 3.83 45.8 7.31 1.77 3.52 10.0 
8. Grimes Creek 2,008 1.44 17.1 7.17 3.37 1.01 11.6 
9. Grouse Creek 1,666 2.94 28.2 11.9 2.25 5.36 15.2 
10. Little Bear Creek 1,993 13.90 6.5 6.19 1.79 3.25 8.95 
11. Rattlesnake Creek 1,527 5.50 24.6 9.07 1.87 4.49 12.1 
12. Queens River 1,990 4.64 29.8 6.30 2.91 2.00 10.9 
13. Bear Creek 2,079 3.02 20.5 6.30 2.34 2.54 9.67  

Table 3 
Average pairwise correlations among mean daily Tw, AT, and Q records that were collected from June 1 through August 31, 2011 for 13 stream sites in the Boise River 
basin.   

Paired 
sensor 

Remote 
valley 1 

Remote 
valley 2 

Remote 
ridge 1 

Remote 
ridge 2 

Remote 
ridge 3 

Remote 
ridge 4 

PRISM TopoWx DayMet GridMet Q 

Paired sensor  –            
Remote valley 1  0.82  –           
Remote valley 2  0.82  0.96  –          
Remote ridge 1  0.82  0.96  0.98  –         
Remote ridge 2  0.82  0.94  0.98  0.99  –        
Remote ridge 3  0.82  0.96  0.98  1.00  0.99  –       
Remote ridge 4  0.82  0.96  0.97  0.99  0.98  0.99  –      
PRISM  0.82  0.78  0.83  0.80  0.82  0.80  0.79  –     
TopoWx  0.88  0.84  0.86  0.86  0.86  0.86  0.86  0.89  –    
DayMet  0.83  0.89  0.89  0.90  0.89  0.90  0.90  0.84  0.87  –   
GridMet  0.78  0.78  0.77  0.80  0.79  0.81  0.82  0.68  0.88  0.78  –  
Q  − 0.52  − 0.55  − 0.59  − 0.63  − 0.64  − 0.64  − 0.64  − 0.59  − 0.58  − 0.58  − 0.56  – 
Tw  0.80  0.58  0.60  0.61  0.62  0.61  0.61  0.79  0.79  0.74  0.68  − 0.63  

Table 4 
Performance metrics across 13 stream sites for Tw regression models developed 
using AT data from 11 sources.  

Air temperature Model (Tw = AT) Model (Tw = AT + Q) 

data source r2 RMSE (◦C) r2 RMSE (◦C) 

Paired  0.74  1.27  0.92  0.70 
Remote valley 1  0.62  1.55  0.88  0.86 
Remote valley 2  0.67  1.44  0.89  0.81 
Remote ridge 1  0.69  1.40  0.88  0.86 
Remote ridge 2  0.71  1.35  0.89  0.81 
Remote ridge 3  0.70  1.39  0.88  0.85 
Remote ridge 4  0.69  1.40  0.88  0.87 
PRISM  0.73  1.32  0.91  0.76 
TopoWx  0.75  1.24  0.91  0.74 
DayMet  0.72  1.34  0.89  0.80 
GridMet  0.59  1.61  0.83  1.02 
Average:  0.69  1.39  0.89  0.83  
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Fig. 2. Water temperature sensitivity estimates at 13 stream sites that were derived from linear regression models using 11 sources of AT data. Regression models 
also included a covariate for stream Q to control for trends during the study period. 

Fig. 3. Mean Tw sensitivity estimates (+/− 1 standard error) across 13 stream sites from 11 regression models using different sources of AT data. Grey bars demarcate 
classes of AT data sources. 
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from paired AT sources compared to some alternative sources. Although 
we documented this pattern based on records with a daily resolution 
from a single summer, the expectation is for similar results with Tw 
models that predict longer timesteps (e.g., weekly, monthly, annual) or 
those calibrated to longer records based on persistent spatial differences 
in AT variability which are common to mountains (Lundquist and 
Cayan, 2007; Pepin et al., 2011), and which we also observed in our AT 
sources when those records were examined over a longer twelve-year 
period in the study basin (unpublished analysis). 

Because of the differences among AT sources, some are more ad
vantageous than others for specific Tw modeling efforts and factors such 
as accuracy, cost, convenience, and flexibility should be considered in 
their application. Paired AT sensors have emerged as a popular choice 
and provide accurate descriptions of the AT variability which occurs at 
Tw monitoring sites (Benyahya et al., 2010). However, the dedication of 
two sensors to each stream site also means that half as many sites are 
monitored and the amount of variation encompassed by data sets of this 
type are reduced. The use of data from remote weather stations avoids 
this limitation but may bias Tsens estimates depending on station loca
tion. In particular, it seems best to avoid the use of ridgeline AT stations 
if a primary goal is estimation of the Tsens parameter as underestimates 
are likely. Nonetheless, the predictive accuracy of Tw models developed 
with remote weather station data may not be markedly worse than other 
AT sources, which is attractive because these stations enable the use of 
long-term records with shorter term Tw records in historical re
constructions and trend assessments (Moatar and Gailhard, 2006; Isaak 
et al., 2012). These reconstructions should be unbiased as long as the 
predictive accuracy of the Tw model is high and calibration occurs over a 

period long enough to encompass a breadth of hydroclimatological 
variability (Jones and Schmidt, 2018). 

The use of AT data from gridded climate data sets potentially offers 
the fewest compromises, although researchers should be aware of the 
nuances among these sources. Two of these data sets, TopoWx and 
DayMet, resulted in Tw models with unbiased Tsens estimates and pre
dictive accuracy close to that of models developed with paired AT data. 
Daily AT values are available from both sources at ≤ 1 km2 resolution 
dating back to at least 1980, although only DayMet spans the entirety of 
North American and is regularly updated to maintain currency. PRISM 
data yielded models with good predictive accuracy but low Tsens esti
mates, perhaps an artefact of the coarser resolution 4 km2 data grids we 
used that less accurately represented conditions in narrow mountain 
valleys. It should be noted that 0.8 km2 PRISM data sets are available for 
a fee but were not considered here. GridMet data resulted in Tw models 
with the poorest predictive accuracy and lowest Tsens estimates. How
ever, this data set also had lower spatial resolution (4 km2) and its 
temporal variability is derived from dynamic climate models (Abatzo
glou, 2013) rather than the interpolation routines applied by other 
models to observed AT measurements. 

Although not the primary focus of our study, the use of Q as a co
variate in our site-specific Tw models substantially affected their pre
dictive accuracy and the magnitude of Tsens estimates. Other researchers 
have consistently observed Tw model improvements when using a Q 
covariate (Webb et al., 2003; van Vliet et al., 2011; Hilderbrand et al., 
2014), yet it remains common for it to be excluded from Tw models 
(Trumbo et al., 2014; Caldwell et al., 2015; Johnson et al., 2020; 
Molinos et al., 2022). This likely results in another avoidable source of 

Fig. 4. Correlations between Tw sensitivity estimates at four stream sites and the temporal variability in AT records from 11 sources used to derive estimates. 
Similarly strong negative correlations between Tw sensitivity and AT variability occurred at the other nine stream sites not shown. 
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inter-study variability because exclusion of covariates that are strongly 
correlated with a response is known to affect parameter estimates and is 
referred to as the Omitted Variable Bias problem in the statistical liter
ature (Wilms et al., 2021). Use of a Q covariate could be less important 
where variability in runoff is limited but this circumstance may also be 
rare for mountain river networks where snowmelt is usually a key hy
drological component and Tw models are calibrated during transitional 
summer flow periods. Unfortunately, the expense of operating Q gages 
means that co-location with Tw sensors will remain unlikely at most of 
the places where stream temperatures are monitored. As our results and 
those from previous studies demonstrate, however, Q data from remote 
gages can be a viable substitute (Isaak et al., 2010, 2017; Luce et al., 
2014; Hilderbrand et al., 2014). Alternatively, Q predictions from 
spatially distributed hydrologic models such as the National Water 
Model are becoming increasingly common (Salas et al., 2018; Office of 
Water Prediction, 2021) and these could be matched with Tw sites where 
available (e.g., Siegel et al., 2022). 

5. Conclusions 

Tw modelers have many options when sourcing AT data sets and 
should carefully consider their strengths and weaknesses when choosing 
among them. Although no single source of AT data is ideal, some result in 
greater predictive accuracy and less estimation bias than others. In our 
view, AT values from gridded climate data sets at fine spatial resolutions 
are particularly attractive because of reduced site instrumentation costs (i. 
e., paired sensors are unnecessary) and the availability of long-term his
torical record reconstructions across large swaths of North America. If 
broadly adopted by Tw modelers, the best of these—TopoWx and Day
Met—could provide a consistent foundation for representing spatiotem
poral variability in AT that would enable more robust and consistent 
inference regarding Tw dynamics and regulating factors in mountain 
landscapes. Although our results are derived from a single river basin and 
therefore should be replicated elsewhere to confirm their generality, they 
are also based on well understood and broadly documented patterns of AT 
variability in mountainous terrain (Whiteman, 2000; Daly et al., 2010; 
Pepin et al., 2011). With the rapid growth and availability of AT and Tw 
data from mountainous areas globally (Gallice et al., 2015; Ouellet et al., 
2020), such replication should be straightforward and presents additional 
learning opportunities. 
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