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Abstract

Changes in near surface air temperature (A7) in response to anthropogenic greenhouse
gas forcing are expected to show spatial heterogeneity because energy and moisture
fluxes are modulated by features of the landscape that are also heterogeneous at these
spatial scales. Detecting statistically meaningful heterogeneity requires a combination of
high spatial resolution and a large number of simulations. To investigate spatial
variability of projected AT, we generated regional, high-resolution (25-km horizontal),
large ensemble (100 members per year), climate simulations of western United States
(US) for the periods 1985 — 2014 and 2030 — 2059, the latter with atmospheric
constituent concentrations from the Representative Concentration Pathway 4.5. Using the
large ensemble, 95% confidence interval sizes for grid-cell-scale temperature responses
were on the order of 0.1 °C, compared to 1 °C from a single ensemble member only. In
both winter and spring, the snow-albedo feedback statistically explains roughly half of
the spatial variability in A7. Simulated decreases in albedo exceed 0.1 in places, with
rates of change in 7 per 0.1 decrease in albedo ranging from 0.3 to 1.4 °C. In summer,
AT pattern in the northwest US is correlated with the pattern of decreasing precipitation.
In all seasons, changing lapse rates in the low-to-middle troposphere may account for up
to 0.2 °C differences in warming across the western US. Near the coast, a major control

of spatial variation is the differential warming between sea and land.

Keywords: Regional climate modeling; seasonal temperature projections; RCP 4.5;
western US
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1 Introduction

Changes in near surface air temperature in response to anthropogenic greenhouse gas
(GHG) forcing are expected to show meso- and local-scale heterogeneity because energy
and water fluxes are modulated by features of the landscape (topography, soil, and land
cover) that are also heterogeneous at these spatial scales (e.g., Giorgi et al. 1997,
Diffenbaugh et al. 2005; Salathé et al. 2008; Daly et al. 2010; Kotlarski et al. 2012). In
complex, mountainous terrain, such as the western United States (US), orography will
induce spatial variability in the snow-albedo feedback on temperature, cloud feedbacks
on temperature will be modified by the interaction of changing large-scale circulation and
the terrain, and spatially varying soil hydraulic properties and vegetation will affect the
magnitude of soil moisture feedbacks (Diffenbaugh et al. 2005). Changing large-scale
circulation may also alter the degree and frequency of cold air pooling in valleys (Daly et
al. 2010). A changing free air lapse rate in the lower to middle troposphere (Ramanathan
et al. 1979; Bradley et al. 2004) can leave a heterogeneous imprint on the land surface
with large topographic relief. Also, differential warming between sea and land, a robust
result of climate models (e.g., Sutton et al. 2007; Joshi et al. 2008), will produce a

warming gradient across some distance from the coast towards the interior.

Regional climate models (RCMs) with horizontal resolutions at least as fine as 50 km
have been widely used to quantify the net effect of various feedbacks and examine the
resulting spatial patterns of changes in temperature worldwide (e.g., Christensen and
Christensen 2007; van der Linden and Mitchell 2009; Boulanger et al. 2010; Mearns et al.

2013). The RCMs are nested within global climate models (GCMs) of much coarser
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resolution that provide the lateral boundary conditions for the RCM. The information is
usually passed one-way only - from GCM to RCM; this procedure is called dynamical

downscaling.

The spread across models’ regional projections of climate change for a given change in
anthropogenic forcing can be separated into two sources: model-sourced spread,
sometimes called uncertainty, and internal variability (Hawkins and Sutton 2009; 2011).
Model-sourced uncertainty reflects our incomplete understanding of the earth system,
computational constraints, and other practical limitations that result in simplified
representations of the earth system. Here we combine model structure, parameterizations
of small-scale processes that are not explicitly resolved, and model parameter values
together as contributors to model-sourced uncertainty. Internal variability arises from the
chaotic dynamics of the system of differential equations that are used to describe the
earth system, such that even a very small change in initial conditions (ICs) will lead to a
different trajectory of model states and fluxes (i.e., the butterfly effect; Lorenz 1963) and
even to different long-term means. Given sufficient realizations of an experiment with
varying ICs, however, the anthropogenically forced signal can be distinguished from the
noise of internal variability because the larger sample size can provide a more robust
estimate of the statistic being examined. What constitutes “sufficient” depends on the
variable, the magnitude of the change in the external forcing (and lead time if the
experiment is transient), the statistic, and the prescribed acceptable level of confidence

(Deser et al. 2012; 2014).
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For those regional modeling studies that include the western US, nearly all published
projections of future (i.e., mid to late 21% century) climate from a unique RCM-GCM
coupling and radiative forcing scenario are limited to a single IC ensemble member
(Giorgi et al. 1994; Leung and Ghan 1999; Diffenbaugh et al. 2005; Dufty et al. 2006;
Liang et al. 2006; Plummer et al. 2006; Salathé et al. 2008; 2010; Hostetler et al. 2011;
Mearns et al. 2013; Separovi¢ et al. 2013; Wang and Kotamarthi 2015). The result is that
the particular spatial patterns of change presented in these studies may reflect the models’
internal variability to a high degree, largely masking the anthropogenic signal; the
question of what is a sufficient number of IC ensemble members to detect an
anthropogenic signal is rarely asked (O’Brien et al. 2010). Some studies examined
changes from several RCM-GCM pairings (Duffy et al. 2006; Hostetler et al. 2011;
Mearns et al. 2013), but this does not improve the understanding about how a particular

RCM-GCM responds to a change in forcing.

Much of the RCM development effort has been towards increasing the horizontal
resolution. For example, Wang and Kotamarthi (2015) presented climate projections for
the 21 century over North America using an RCM with a 12-km resolution. RCMs have
been applied at yet much higher resolutions, but over much smaller regions. Examples
include resolutions of 2 km over the Colorado Headwaters region (Rasmussen et al.
2011), 3 km over the central Sierra Nevada, California (Pavelsky et al. 2013), 1.3 km
over the Colorado Front Range (Mahoney et al. 2013), and 0.5 km over Weymouth and

Portland Harbor, United Kingdom (Wang et al. 2013).
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In contrast, less progress has been made towards increasing IC ensemble size. Two
examples of progress are the 3-member and 5-member IC ensembles of Leung et al.
(2004) and Diffenbaugh et al. (2011), respectively. Mote et al. (2015), using the same
modeling framework as presented here, made the most pointed effort at increasing signal-
to-noise ratio, describing an experiment to generate IC ensembles of hundreds to

thousands of members using a volunteer computing network.

In this paper, we report results from simulations with an RCM-GCM pair for a recent
historical period (Dec. 1985 — Nov. 2014) and a future period that spans the mid-21*%
century (Dec. 2030 — Nov. 2059). Each year’s model output consists of 100 IC ensemble
members, for a total 2,900 years of simulations for each the historical and future periods.
This large ensemble size allows for a very large reduction in the standard error due to
internal variability (though errors from model-sourced uncertainty and the unknown
future forcing are still present). This paper begins the first detailed study of climate
projections that combines both high horizontal resolution (25 km) and a very large IC

ensemble.

We describe patterns of anthropogenically forced spatial patterns of change in seasonal
mean temperature (changes in various quantiles of temperature and precipitation will be
presented in subsequent papers). The range of temperature change across a region may
be of the same order of magnitude as the regionally-averaged temperature change itself,
and thus have relevance to human society and ecosystems. We identify some dominant
factors that determine meso-scale spatial patterns: changes in surface albedo,

tropospheric lapse rate, and precipitation rate, and the difference between sea and land
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warming. Some of these factors have been previously documented in studies of the
western US, namely the effect of changing albedo due to snowpack depletion (Leung et
al. 2004; Diffenbaugh et al. 2005; Salathé et al. 2008; 2010). However, we go beyond a
qualitative description of the factors and quantify the amount of spatial variance of

temperature change that they explain.

2 Materials and Methods

This experiment relied on the Weather@home distributed volunteer computing project to
generate large IC ensembles of regional climate simulations (Massey et al. 2014; Mote et
al. 2015). Weather@home uses the U.K. Met Office Hadley Centre’s regional climate
model HadRM3P nested within the atmospheric global model HadAM3P. HadRM3P is
integrated with a 5-minute timestep over a horizontal resolution of 0.22° latitude (~25
km), while HadAM3P is integrated with a 15-minute timestep and has a horizontal
resolution of 1.875° longitude by 1.25° latitude (~139 km latitudinally). HadRM3P and
HadAM3P are run concurrently (HadAM3P/RM3P), with HadAM3P providing the
lateral boundary conditions to HadRM3P once each simulated day (the coupling is one-
way only). HadAM3P/RM3P built for this experiment uses the MOSESI land surface
model (Cox et al. 1999). Massey et al. (2014) provided a detailed description of the
Weather@home system, and particulars about the western US domain configuration were
given in Mote et al. (2015) and Li et al. (2015). Several studies examined the ability of
HadRM3P (Zhang et al. 2009; Duliere et al. 2011; 2013) and the HadAM3P/RM3P
configuration used in Weather@home (Mote et al. 2015; Li et al. 2015) to reproduce

various properties of the recent past climate of the northwestern and western US. Mote et
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al. (2015) summarized limitations of Weather@home, such as that sea surface
temperatures are specified instead of generated by coupling to an ocean circulation
model. Li et al. (2015) quantified differences between the historical simulations with
HadAM3P/RM3P and observation-based data (North American Regional Reanalysis;
Mesinger et al. 2006), showing high spatial correlation r in mean seasonal temperature
across the western US, with r ranging from 0.96 in summer to 0.99 in fall. They also
showed that regionally averaged seasonal temperature biases were less than +/- 1 °C from

fall through spring, and the bias in summer was 1.7 °C.

For this study, a recent historical period (Dec. 1985 - Nov. 2014) and a future climate
scenario (Dec. 2030 — Nov. 2059) were simulated. Atmospheric forcings followed those
in the Coupled Model Intercomparison Project Phase 5 (CMIPS) historical and RCP 4.5
experiments (Taylor et al. 2011), respectively. The RCP 4.5 scenario assumes mitigation
strategies are implemented such that radiative forcing is stabilized at 4.5 W m™ above
pre-industrial levels by 2100 (Meinshausen et al. 2011). For this experiment, the increase
in total anthropogenic radiative forcing between the historical and future periods was 1.7
W m?2. Though only RCP 4.5 forcings were used for the current set of simulations, we
anticipate additional simulations using the more aggressive RCP 8.5 scenario will be
done. One, however, can make a first-order approximation that the temperature response
is linear over a small range of forcing. Based on the same years used in the current
experiment, the increase in radiative forcing between the historical and future period
under RCP 8.5 would be 2.5 W m™, which amounts to about a 47% greater increase in

temperature than under this RCP 4.5 experiment.
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Non-stationary forcings included in the model were greenhouse gas (GHQG)
concentrations, solar irradiance, volcanic aerosol optical depth, ozone concentrations, and
sulphur dioxide emissions. The well-mixed GHGs considered were CO», CH4, N>O, and

fluorinated gases expressed as HFC134a and CFC-12 equivalent concentrations.

Not coupling to an ocean model allows us to constrain one important source of variability
in the simulations and increase comparability between simulations of the past and future.
The consequence is that time-varying sea surface temperature (SST) and sea ice fraction
were prescribed at each model ocean grid cell. For the historical period, the Operational
Sea Surface Temperature and Sea Ice Analysis (OSTIA; Donlon et al. 2012) provided the
SSTs and sea ice fractions. The OSTIA record begins in 1985, which is why we began

the historical simulations that year.

SSTs for the future scenario were generated using a “delta” (A) method: smoothed
changes in SSTs (ASSTs) from the historical to the future period were added to the
OSTIA SSTs. The ASSTs were derived from the global model CESM1-CAMS using
ensemble member r3ilpl for the historical and RCP 4.5 experiments in the CMIP5
archive. See Appendix A for details and see Fig. S1 in Supplementary Material for maps

of average seasonal ASSTs.

Sea ice fractions for the future scenario were taken directly from monthly sea ice fraction
from CESM1-CAMS r3ilpl RCP 4.5, modified to conform to the HadAM3P grid, land

mask, and temporal resolution, using the method in Massey et al. (2014).
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We chose CESMI1-CAMS to provide future sea ice fractions because it simulates
historical (1986-2005) mean Arctic sea ice extent with little bias compared to
observations (Meehl et al. 2013) and has less bias than most other CMIP5 GCMs, based
on Scheffield et al. (2014) and our own visual inspection (not shown). For consistency,
CESM1-CAMS was also used for deriving the ASSTs. Moreover, Rupp et al. (2013)
found CESM1-CAMS to rank best (least overall error) in an assessment of 41 CMIP5
GCMs based on a suite of performance metrics that, while focused on the climate of
Pacific Northwest, included seasonal temperature and precipitation patterns over the

northeast Pacific Ocean and western North America.

HadAM3P/RM3P was spun-up for the historical period and future scenario to bring land
surface states (e.g., soil moisture) to levels in loose quasi-equilibrium with the

atmospheric forcings. See Appendix B for a description of the spin-up procedure.

Simulations were one-year long, beginning December 1 and ending November 30. For
each year, a single base set of initial conditions was generated from one arbitrarily
selected simulation of the prior year. A large ensemble of atmospheric initial conditions
for each year was then generated by perturbing the three-dimensional potential
temperature field in the base set of initial conditions while all other states remained
unperturbed, as described in Massey et al. (2014). In total, 99 atmospheric initial
condition perturbations were applied to each December 1 base conditions to obtain
29(1+99) = 2,900 years of simulations for both the historical period and the future
scenario. A consequence of perturbing the initial conditions each year is that we did not

generate ensembles consisting of 29 years of continuous simulations. The advantage of

10
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the Weather@home system, however, is that a very large number of simulations were
retrieved from volunteers in a relatively short amount of time (e.g. several weeks)
because we did not wait for one year-long simulation to complete before simulating the

following year.

For both the historical and future periods, we computed seasonal means of temperature
and other diagnostic variables (surface albedo, lapse rate, precipitation rate, surface
energy fluxes, soil moisture, etc.) by averaging the values over all 29 years and all 100
ensemble members for each RCM grid point. We then differenced the historical and
future scenario ensemble mean seasonal values to obtain the spatial pattern of climate
change (e.g., the temperature change, AT). By averaging over all years and all ensemble
members, our objective was to identify some consistent properties in the mean climate
response to changing forcing, with high signal-to-noise ratio. We acknowledge that

interesting and important properties of the climate response may be lost in the averaging.

For temperature, we also constructed three longitudinal transects; to assess the effect of
ensemble size, 95% confidence intervals on AT were estimated using bootstrapping,
assuming ensemble sizes of n =1, 5, and 100 per year. During bootstrapping, each year
was sampled n times with replacement, and the entire transect of values for that year and
ensemble member were sampled together as group. The standard bootstrapping we used
does not explicitly account for the potential effect of year-to-year temporal
autocorrelation on the effective number of degrees of freedom, so our estimated
confidence intervals may be slightly too narrow. Note that because simulations were not

continuous (i.e., unperturbed) from one year to the next, we miss some of the temporal

11
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autocorrelation in the atmospheric system (which has a decorrelation time scale of
roughly a few weeks), though autocorrelation driven by the time-changing prescribed
boundary conditions (e.g., SSTs) and forcings remains. It should be noted that these
confidence intervals apply only to the internal variability of the model, which may not
match the real world internal variability and that the confidence intervals do not include

model-sourced uncertainty.

The lower-to-middle tropospheric lapse rate, I' = -d7/dz, was approximated by taking the
difference in T between the between the 850-hPa and 500-hPa geopotential height (z),
because these were the only pressure levels on which both temperature and geopotential
height were saved from the simulations. These heights correspond very roughly to 1.5
km and 5.5 km above mean sea level, respectively. Where the land surface was above

850 hPa, the lapse rate was not computed.

To aid in summarizing the data for analyses, the modeling domain was divided into 6
regions (see Fig. 1): Oregon and Washington west of, and including, the Cascade Range
divide (Western OR/WA); Oregon and Washington east of the cascade divide (Eastern
OR/WA); Idaho, Montana and Wyoming north of 42°N and west of 108°W (Northwest
interior); California west of the Sierra Nevada and Cascade Range divides (Western CA);
California east of the Sierra Nevada and Cascade Range divides (Eastern CA); Nevada,
Utah, and Arizona north of 32.5°N, including the southwest corner of Wyoming

(Southwest interior).

12
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For comparison with the historical simulations, we used gridded observations of
temperature from the 4-km resolution PRISM dataset (Daly et al. 2008). PRISM data
were regridded to the coarser HadRM3P grid. PRISM provides daily minimum and
maximum temperatures, which were averaged to approximate the mean temperature.
Because the average of the daily minimum and maximum temperatures is not an exact
measure of the daily mean temperature, which is the integral across the model time steps,

it is an additional source of error.

3 Spatial Patterns of Seasonal Warming

Averaged over the western US (west of -109 °E), the simulated warming between the
historical and future periods is 1.8 °C. The warming varies by a few tenths of a degree
among seasons, with winter (December through February, DJF) and spring (March
through May, MAM), warming least (1.7 °C), summer (June through July, JJA) warming
the most (2.1 °C), and fall (September through November, SON) warming only slightly

greater than winter and spring (1.8 °C).

The spatial pattern of warming also varies between seasons. In winter and spring, areas
of largest AT are dispersed across the western US and in some places can be clearly
associated with mountain ranges, such as the Cascades, Sierras, and the Wasatch and
Uinta mountain ranges through central and northeast Utah (compare Fig. 1 with Figs. 2a
and b). In contrast, the dominant features of warming in summer are a continental-scale
gradient from Mexico to Canada and a gradient from coast to the interior to within 100 to

300 km of the coast, so that a maximum AT occurs in western Montana (Fig. 2c¢). (Note:

13
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in the interest of brevity, unless otherwise specified, “gradient” refers hereon to a change
with respect to a change in horizontal distance x, such as the change in AT over some
distance: A(AT)/Ax.) In fall, the primary gradient is from the coast to the interior, though
a prominent local maximum occurs in the higher elevations of central Nevada (Fig. 2d).
In all seasons, a gradient in AT inland from the coast exists, with the strongest gradient
occurring in JJA; however, this near-coast gradient in AT typically extends only as far

inland as the first major mountain range (e.g. Cascades and Sierras).

How both T and AT vary with topography is partially illustrated in three latitudinal
transects through the modeling domain, which are summarized here from west to east: 1)
47.75 °N — crosses the Olympics, the Puget Sound, the North Cascades, the Columbia
Plateau, the Rockies and ends in the Northern Great Plains, 2) 44 °N — crosses the
Oregon Coast Range, the Willamette Valley, the Oregon Cascades, eastern Oregon
including the Blue Mountains, the lower Snake River Plain, the Rockies in Idaho, the
upper Snake River Plain, and the Rockies in Wyoming, and 3) 37.5 °N — crosses the
California Southern Coast Range, the Central Valley, the Sierra Nevada, the Great Basin

in Nevada, southern Utah mountain ranges, and the Colorado Plateau.

Observed (PRISM) seasonal temperature along with simulated values for each latitudinal
transect are shown in Figs. 3 through 6 (left panels). In DJF, MAM, and SON, transect-
averaged biases in the historical period range from as small as 0.04 °C (SON; 37.5 °N) to
as large as -1.6 °C (DJF; 37.5 °N), and simulated temperatures are within +/-2 °C of
PRISM along most of each transect. As such, these differences are of similar magnitudes

to the uncertainty in the gridded observational values themselves (Daly et al. 2008).
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Examples of where the discrepancy exceeds 2 °C in each season are the warm bias over
the Columbia Plateau (-120 to -118 °E longitude in panel “a” in Figs. 3-6), the cold bias
at the crest of Rockies in Idaho and Wyoming (-115 and -110 °E longitude in panel “c” in
Figs. 3-6), and the cold bias on eastern flank of the Sierra Nevada (-118.5 °E longitude in
panel “e” in Figs. 3-6). In JJA, the model has a warm bias of 2 to 3 °C (least biased at
37.5 °N; most biased at 47.75 °N) with a root mean square error of roughly 3 °C for each

transect, and a tendency towards less bias in the mountains. Biases and root mean squared

error by season and transect are provided in Table S1 of the Supplementary Material.

These biases may partially cancel when examining differences in the simulations of the
historical period and future period. However, because many feedbacks are effectively
non-linear, the biases can affect the strength of the feedbacks themselves. A clear case of
a non-linear relationship is the solid-liquid water phase change and temperature, effecting
snowpack dynamics and the snow-albedo feedback. In the case of summer, the warm
bias is associated with an underestimate in precipitation over the modeled domain (Li et
al., 2015), which may reflect further biases in summer soil moisture, water vapor, and
clouds. Given the non-linear relationship between temperature and the saturation
pressure of water and evapotranspiration and soil water content, for example, the
temperature bias may indicate a source of non-negligible error in the regional temperature
change signal. Though we do not assess the influence of bias in this paper, it is an

important topic for further investigation.

Below we highlight some changes in AT along the transects. First, though, we comment

on the estimates of 95% confidence intervals in AT, which are illustrated by the shading

15
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in the right panels of Figs. 3 — 6. The size of the confidence interval using all 100
ensemble members (red shading) is on the order of 0.1 °C, meaning that the major spatial
patterns shown are primarily responses to the applied forcings and changed boundary
conditions, and not simply “noise” from internal variability of the model. For
comparison, we also show 95% confidence intervals assuming one (yellow shading) and
five (orange shading) ensemble members. For a single ensemble member, the size of the
95% confidence interval is about 1°C (consistent with a square root relationship between
standard error and sample size). Note that 1°C is about half the domain-averaged
simulated difference in AT and of similar magnitude to the spatial variability in AT across
the western US reported here. These confidence intervals illustrate the problem with a

typical single-simulation RCM study: the signal may be smaller than the noise.

We found that 100 ensemble members were sufficient for our objective of comparing
changes in mean temperature at the scale of the model grid cell. An optimal choice of a
minimum ensemble size n will depend on a maximum width w of the confidence interval
one is willing to accept to meet a given objective. For this study, n 1/w?, where w has
units of °C. However, this relationship is dependent on the particulars of this analysis:
e.g., differences in 29-year means of seasonal temperature, a desire to resolve mesoscale

variability, and no dynamic feedbacks between the ocean and atmosphere.

For DJF, moving from the coast inland towards the first mountain range, there is a
positive gradient in AT. This pattern is evident in the Olympics and the Oregon and
California Coast Ranges (Fig. 3b, d, and f). A positive gradient in AT also exists in the

upslope direction on the windward side of the second mountain range encountered:

16
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Northern and Southern Cascades, and Sierras. However, the local AT maxima do not
coincide with these second elevation maxima: the AT maxima occur partway up the
windward slopes of the ranges, with negative gradients in AT from the locations of the
local maxima in AT to the crests of the mountain ranges. This negative gradient in AT is
more evident in the Southern Cascades and Sierras, where AT is ~0.5 °C less at the
mountain crest than at the point of local maximum. The dominant AT gradients in the
western US interior coincide with the Rocky Mountains (Figs. 3b; d), where local AT

minima also occur in the higher elevations.

In MAM, local AT maxima do occur at, or near, the elevation maxima in the Olympics
(Fig. 4b), Coast Ranges (Fig. 4d) and Cascades (Figs. 4b; d), but not in the higher
elevation Sierras (Fig. 4f). Other prominent local AT maxima occur on the windward
slopes of the Rockies (Fig. 4b; d), but, as with winter, the highest elevations are not the

areas of largest AT

In JJA, the largest longitudinal gradients in AT occur between the coast and first sizable
mountain ranges (Fig. 5), after which longitudinal gradients are relatively small. Away

from the coast, the dominant gradient in AT in JJA is in the latitudinal direction.

SON is similar to JJA in that the largest longitudinal gradients occur within a few degrees
of the coast (Fig. 6). There is, however, a more positive west-east gradient in the interior

during SON than in JJA.

4 Factors Affecting Seasonal and Regional Warming
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It is evident that simulated AT varies with elevation across the western US, but the
relationship depends on the region and season (Figs. 7 and 8). In winter and spring, the
relationship is not monotonic, but rather dome-shaped, with AT peaking between roughly
1500 and 2000 m (somewhat higher elevation in the southwest than the northwest US).
The summer relationship is also somewhat dome-shaped, though the change in AT
against elevation is larger for the coastal regions in summer than in winter and spring. In
fall, AT increases with elevation but largely plateaus at higher elevations. Pepin et al.
(2015) provided a review of mechanisms that may lead to differential warming by
elevation, or “elevation-dependent warming” as they call it. A number of factors may
contribute to the relationships shown here. In particular, we examined the changes in
surface albedo, tropospheric lapse rate, precipitation, and surface energy fluxes both
spatially and for all seasons. The importance of the climate processes related to these

variables depends on the season and location, as discussed below.

4.1 Winter and spring warming

In DJF and MAM, the large gradients in AT that occur inland over the first one to three
hundred kilometers from the coast are consistent with the land-sea differential warming
phenomenon. However, there are also large elevation gradients in this region, so the
gradients in AT may result from a combination, or interaction, of processes, including

snow albedo feedback at higher elevations and changes in the free air lapse rate.

Also in DJF and MAM, the largest AT occur at mid-elevation sites, where substantial

snow pack is first expected to disappear, pointing to the snow albedo feedback as a

18



383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

dominant control on the spatial pattern of warming. A visual inspection of the spatial
pattern of the change in surface albedo () in winter and spring indicates substantial
spatial coherence between AT and Aa (compare Fig. 2 with Fig. 9). To estimate the
amount of spatial variation in AT explained by A, we used ordinary linear least square
regression, though by doing so we do not imply that there is a one-way dependency of AT
on Aa. We justify using ordinary least squares regression over other regression methods
that assume errors on both predictor and predictand (e.g., total least squares) by recalling
that our ensemble, though finite, is very large, and therefore we assume that errors in Aa
are small. We excluded grid cells from the linear regression where the decrease in « is
less than 0.0002 so the many grid cells with very little to no change in o would not have
undue influence on the slope of regression. Note that a correlation with surface albedo
could also be due to correlations of changes in albedo and temperature with changes in a
third variable, such as cloudiness, rather than solely the albedo feedback. The similarity
of the spatial pattern of albedo change (Fig. 9) with the patterns of change in snow water
equivalent and change in net downward surface short-wave flux (Figs. S3 and S4,
respectively) for winter and spring suggests, however, that the snow albedo feedback is

the dominant shortwave feedback.

We find strong and significant negative linear relationships between AT and Aa, with Ax
accounting for 19 to 76% of the variance in AT, depending on the region and season (Fig.
10; Table 1). Though the magnitudes of changes in albedo tend to be smaller in MAM
than in DJF, the increase in 7 for every 0.1 decrease in « is greater in MAM (0.34 to 1.39

°C) than in DJF (0.26 to 0.69 °C). This difference in sensitivity between the two seasons
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is consistent with more short-wave radiation reaching the surface in MAM (snow albedo
changes are not a factor when there is no sunlight) because of longer daylight period, and
in some regions because of less cloud cover in MAM. Changes in T with decreasing o
are also larger west of the Cascades and Sierras than towards the interior; this may be
because AT gradients west of the Cascades and Sierras are also substantially driven by
factors other than changes in « but that are spatially correlated, such as the land-sea

warming contrast and changes in cloudiness.

Given the simulated sensitivity of AT to changes in snowpack, the spatial pattern in AT
will be strongly influenced by the resolution of the topography and the representation of
snow processes in MOSESI1. Substantial improvement in fidelity with observations
occurs by simply increasing the topographic resolution by decreasing the grid cell size, as
simulations using various horizontal resolutions down to 3-4 km demonstrated using the
Penn State-NCAR Mesoscale Model (MMY) in the Pacific Northwest US and California
(Leung and Qian 2003) and the Weather Research and Forecasting Model (WRF) with
the Noah land-surface model in the Sierras (Pavelsky et al. 2011) and Colorado Rockies
(Rasmussen et al 2011; Letcher and Minder 2015). The finer grid cell sizes resolve the
higher, colder, elevations where the deepest snow accumulates and persists longest, while
at coarser resolutions mountain peaks are smoothed. At 25-km resolution, therefore, it is
reasonable to speculate that HadRM3P might also generate too little snowpack and
deplete it too early in the year in many parts of the western US on the basis of grid cell
size alone. Parajka et al. (2010) note that the accuracy of HadRM3P applied over Austria

was degraded in areas of high topographic heterogeneity.
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In addition to resolution limitations, the simplified snow process representation in any
land surface model also incurs error in the simulated snowpack dynamics. Among many
simplifications, grid surface albedo in MOSESI is calculated solely as a function of snow
depth and surface temperature; for instance, it does not explicitly consider how snow gets
“dirty” as it ages with a consequent reduction in albedo (Cox et al. 1999), yet Barlange et
al. (2010) found that varying snow albedo over time in the Noah land surface model
significantly improved snowpack dynamics. The effect of canopy cover on albedo is also
not explicitly simulated; surface albedo is low with dense forest cover once the snow is
gone from the canopy, therefore the snow albedo feedback may be overestimated when
canopy effects are inadequately represented (e.g. Livneh et al. 2010; Wang et al. 2010).
Besides the snow process simplifications and the imperfectly represented terrain, other
biases can influence snowpack dynamics. For example, HadAM3P/RM3P shows a cool
bias in both winter and spring over mountainous regions in the western US and has a
tendency to exaggerate orographic precipitation (Li et al. 2015), both of which would
enhance snowpack accumulation. Though a thorough evaluation of snowpack simulation
in HadAM3P/RM3P over the western US is beyond the scope of this paper, we do find a
general underestimation of snow cover and snow water equivalent, particular in spring in

rain-snow transition areas, such as the Oregon Cascades (results not shown here).

Large-scale changes in tropospheric lapse rate also influence the relationship between
elevation and temperature change. Most of the western US shows a decrease in the
simulated free air lapse rate I' in DJF and MAM between 850 and 500-hPa pressure
levels (Figs 11a;b and 12a;b). The sign of the change is consistent with mid-latitude
zonal lapse rate projections from GCMs in general when forced with increased
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greenhouse concentrations (e.g., Fig. 2 in Lorenz and DeWeaver 2007). Changes in I
range between roughly -0.1 and 0 °C/km, with the largest decreases occurring over
western CA. Though these changes in free air lapse rate cannot be directly translated to
changes in near surface temperature because of land-surface and atmosphere exchanges
(Bradley et al. 2004; Pepin et al. 2015), they do point to the potential for larger
temperature increases at high elevations. The changing lapse rates amount to small
differences in AT (roughly 0.1 °C) between the lowlands and the altitudes of the

mountain ranges.

4.2 Summer warming

Unlike winter and spring, the spatial pattern of summer warming is dominated by larger-
scale gradients in AT (Fig. 2¢). To varying degrees the downscaled patterns in all seasons
resemble the patterns in the global model output, but JJA (along with SON) shows the
most coherence between the global-model and regional-model warming pattern (Fig. S5),
suggesting mesoscale variability in processes and feedbacks plays a relatively small role
in summer. The relatively large summer warming in the northwest US compared to the
southwest US is associated with larger increases in atmospheric pressure in the northwest
(see 500-hPa geopotential height changes in Fig. S6), consistent with that region’s larger

temperature increases and decreased precipitation from suppressed convection.

In fact, in the northwest US east of the Cascades, the warming has a similar pattern as
that of the changing precipitation P (Fig. 13c). In this region, greater warming generally

coincides with larger decreases in P (Fig. 14), where the change in temperature per
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relative change in precipitation (AT/AP) across space is calculated to be -0.015 °C/% (R?
= 0.42). Near surface temperature increase can be associated with decreasing
precipitation through at least two mechanisms that alter the energy budget (e.g. Seager et
al. 2014). The first mechanism is a decrease in cloud cover - for which decreasing
precipitation can server as a proxy - permitting more solar radiation to reach, and warm,
the surface. In fact, the increase in net downward short-wave flux (Fig. S4c) over the
northwestern US points to decrease in cloud cover since summer albedo changes are
negligible nearly everywhere. In the second mechanism, a decrease in available soil
water (from decreased precipitation) leads to a decrease in surface evaporative cooling
and therefore a warming of near-surface air. The greater warming of surface relative to
the atmosphere is reflected in the increased upward surface sensible heat at the surface
(Fig. S8c) and the associated decrease in upward latent heat flux (Fig. S9c). The
similarity in the spatial pattern in the northwest between the changes in precipitation and
sensible and latent heat flux is also evident in the change in soil moisture (Fig. S10, panel

“C”)

Precipitation changes, when considered as a proxy for other processes, can explain about
about 0.4 °C of the total range (~1.5 °C) in summer AT variation (Fig. 14). However, the
association with changing precipitation appears limited to east of the Cascades: no
association is apparent in the southwest interior and southern California where summer
precipitation is projected to increase (not shown). West of the Cascades, there is also a
negative correlation between temperature change and precipitation change, but here the

gradients in temperature change owe in part to the proximity to the coast (Fig. 14).
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Near the coast, much of the range in summer AT can still be explained by the differences
between land and sea warming, as in other seasons. However, across the southwest US
east of the Sierras, there is a large amount of variability in AT that we have not associated
with any mechanisms or meso-scale landscape features: Here AT ranges from about 1.5 to
2.3 °C from SE Arizona to NW Nevada, and the changes in precipitation range mostly
from near zero to positive. The spatial pattern in summer AT shows no apparent
connection to precipitation change, nor to changes in the surface radiative energy budget

(Figs. S4, S7-S9) or changes in soil moisture (Fig. S10).

In contrast to the other seasons, summer’s lapse rates increase between the historical and
future scenarios over much of the western US (Figs 11c and 12c), though some regions
show decreases: western, and some of eastern, Washington and Oregon, and portions of
the southwest US. Changes in I" range between roughly -0.1 and 0.1 °C/km. The largest
increases are in the interior regions, particularly the northwest interior, and the largest
decreases are in western Washington and Oregon. Interestingly, there is positive
relationship between the change in I' and the historical I'. We refrain from speculating
on the reasons here, but suggest that historical [’ may be used as a diagnostic for
understanding the cause of the spatial variability in changing I'" in the simulations.
Changes in land-surface fluxes will also influence I'; an increase in upward surface
sensible heat flux in particular may decrease I' by warming the lower troposphere
preferentially. However, the spatial variability of change in I" does not correspond to
changes in sensible heat flux (Fig. S8) in at least two respects: 1) I increases over the

most of the southwest but the change in upward sensible heat flux is either negative or
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largely unchanged over most of this region, and (2) the largest increases in sensible heat

flux are west of the Cascades but there " decreases.

For the interior regions, increasing lapse rates of the magnitude shown here translate to
difference in AT of a couple tenths of degree C between the lowland and high mountain
elevations in the interior regions, enough to partially explain the slight tendency of

decreasing AT with elevation seen in Figs. 7c and 8c.

4.3. Fall warming

As with other seasons, during fall the land-sea warming contrast appears to be a primary
control on the spatial warming pattern west of the Cascades and Sierras (Fig. 2d). No
relationship between the warming pattern and changes in precipitation (Fig. 13d) stands
out. Albedo changes (Fig. 9d) are small where present, thus their impacts are also small,
and west of the Cascades and Sierras their influence on the positive relationship between

AT and elevation will be obscured by the coincidental land-sea gradient in AT.

Still, in the interior southwest there is a pattern in the warming that bears some
relationship to elevation, with an increase in AT of about 0.2 °C over a 3 km increase in
elevation (Fig. 8d). The largest decreases in free air lapse rate occur during the fall, with
decreases exceeding -0.1 °C/km in places (Figs. 11d and 12d). It is possible then that the
spatial pattern in fall warming, more than in any other season, shows the imprint of a
changing free air lapse rate. As in summer, there is positive correlation between the
change in I" and the historical I".
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4 4. Comparisons to other studies

There is a limit to what can be learned by comparing previous studies with ours because
of a lack of a single experimental design overarching all the studies. Still, it may be
possible to make meaningful observations about coarse differences and similarities across
results from other mid-21% century seasonal projections that show sufficient spatial detail

in the western US.

Leung et al. (2004), using PCM/MMS5 (40-km resolution), showed stronger winter
warming over the coastal mountains (Cascades and Sierra) than elsewhere, which they
attributed to snow-albedo feedback effects. They did not report stronger winter warming
over the interior mountains, a result they attributed to winter temperature remaining much
below freezing even after 1-2.5 °C of warming over the region. This range of warming is
similar to our study, though we detect enhanced warming over large portions of the

interior where snowpack is depleted.

A roughly similar pattern in winter and spring warming is evident in our results and in the
CCSM3/WRF (20-km resolution) simulation for the northwest US in Salathé et al.
(2010): enhanced warming over the Cascades and flanks of interior mountains, with less
warming over the lower elevations of the Columbia Plateau. The ECHAMS/WRF (36-
km resolution) winter and spring patterns in Salathé et al. (2010) are markedly different
from the CCSM3/WRF patterns, however: the Columbia Plateau shows enhanced
warming, and there is no pronounced warming in the Cascades. Salathé et al. (2010)
attributed the differences between their two simulations in part to the different boundary

conditions coming from the GCMs, though the finer spatial resolution in CCSM4/WRF is
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likely also a factor. However, with only a single ensemble member per model, much of

these differences may be simply due to internal variability.

The dominant spatial summer warming patterns in Leung et al. (2004), Liang et al.
(2006), Salathé¢ et al. (2010), and this study bear little in common with each other, other
than they all show less warming near the coast. Though Diffenbaugh et al. (2011) did not
present detailed results over the western US, they reported that over the continental US,
both the largest warming and largest decreases in precipitation occur in the central US.
This pattern of increased warming occurring where there is decreased precipitation is

consistent with our results, at least in the northwest US.

Given the dissimilarities in the spatial patterns of summer precipitation changes among
the aforementioned studies and the summer relationship of AT on AP east of the
Cascades, it is logical that the summer warming patterns are also very dissimilar in this
region. In addition to these few regional modeling studies, projections from GCMs have
also not agreed strongly on the sign, much less the magnitude, of summer precipitation
change across the western US (Deser et al. 2014; Maloney et al. 2014; Seager et al.
2014). At lead times of about 50 years, much of this “disagreement” arises from internal
variability within individual simulations such that the signal-to-noise ratio is low
(Hawkins and Sutton 2011); even averaging over ensemble sizes of as large as 40
members from a single GCM model has not shown statistically significant changes over

most of the western US (Deser et al. 2014).

While our 100-member ensemble shows a relationship between the warming pattern and
precipitation change pattern in the northwest US, the question remains as to how much of

this particular precipitation change pattern is a robust response to anthropogenic forcing.
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Within the confines of the HadAM3P/RM3P framework, this will be explored in a
follow-up paper. Answering this question outside of this framework will require large

ensembles from a large number of climate models.

5. Conclusions

We report results from the first regional, high-resolution, very-large ensemble, climate
model experiment with mid-21%" century projections. Our domain is the western US,
where the complex terrain induces important spatial variability in warming in response to

increased GHGs.

Four factors contributing to the spatial pattern in warming over the western US were
explored. Though these factors were considered independently, they likely interact. For
example, precipitation changes may be driven by changes in the lapse-rate, and the sea-
land warming differential is tied to changes in the hydrological cycle and lapse-rates that
differ between land and sea. We did not explicitly consider these interactions. The

factors are:

1) Snow albedo-feedback: The largest control on simulated spatial patterns of warming in
winter and spring over much of the western US is the snow-albedo feedback.
Consequently, the precise anthropogenic warming patterns shown here will change subtly
over time: as the global temperature increases with increasing GHG concentrations, local
maxima in AT will shift to include areas of progressively higher elevation (e.g. moving
from the flanks to the crests of the Rocky Mountains), where large albedo changes are

still possible.
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2) Temperature-moisture relationship: In summer, we detect a correlation between
precipitation change and the magnitude of the warming, particularly over the northwest
US interior where the simulations project decreases in summer precipitation. Though
decreasing precipitation is not per se a direct cause of enhanced warming, it is a proxy for
decreasing moisture in the form of soil water content, water vapor, and/or clouds. This
relationship poses challenge for attributing a simulated temperature change to
anthropogenic forcing because internal variability is high for precipitation, relative to the
anthropogenically forced precipitation change. Therefore, we argue for large IC
ensembles not just for attributing fine-scale climate model projections in precipitation to
applied forcings, but also because of the strong relationship between temperature and

precipitation in summer.

3) Tropospheric lapse rate: Changes in free air lapse rates are found to vary spatially and
seasonally. In general, decreases and increases (the latter mainly limited to summer) in
lapse rate may account for up to a couple of tenths of degree C differences in warming
across the western US. These differences are small, but they may explain some of the
more subtle features of the relationship of temperature changes with elevation in summer

and fall.

4) Sea-land differential warming: In all seasons, the pattern of a warming gradient from
the coast to the divides of major north-south mountain ranges (Cascades and Sierras) is
consistent with the differential warming between sea and land. The warming in this
region also strongly correlates with elevation, but this may be largely happenstance

because elevation also increases with distance from coast here. In our simulations, the
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magnitude of the sea-land differential is partially constrained by the use of prescribed
SSTs. More realism would be gained by coupling to a fine-resolution ocean circulation
model for the coastal margin, though this would not necessary change the magnitude of

warming.

Lastly, we recall that western US climate is influenced by large-scale ocean temperature
anomaly patterns, particularly in winter, and to a lesser extent in summer. The quantified
changes in temperature given here are conditional upon the set of SST and sea ice
fraction change patterns applied. Additional simulations with alternate future SSTs and
sea ice are needed to assess the sensitivity of the results to the ocean boundary conditions

associated with the future forcing scenario.
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Appendix A. Generation of future SSTs

SSTs for the future period were created by adding a change (A) in SST to the observed
SST in the OSTIA data. The OSTIA data are provided at a 1/20°-resolution so are first

regridded to the N96 grid used in HadAM3P.

The ASSTs are varied month-by-month and cell-by-cell. The ASSTs were derived by
differencing SSTs in the future and historic periods as simulated using a coupled

atmospheric-ocean GCM. The multiple-step process was as follows:

1. SSTs from the CMIPS5 historical experiment (1850-2005) were concatenated with

those from the CMIP5 RCP 4.5 experiment (2006-2100).

2. Three-dimensional arrays X; (latitude, longitude, time) of monthly SST were generated

for the period 1900-2099 for each calendar month i: a total of 12 arrays.

3. X for each i was temporally smoothed using a Gaussian filter along a moving window
of 31 years. The standard deviation of weights was scaled to the size the window and

was ~5.6 years.

4. ASSTs were calculated by subtracting the smoothed SSTs for the period December
1985 to November 2014 from the smoothed SSTs for the period December 2030 to

November 2059 (e.g. November 2030 minus December 1985).

5. ASSTs were regridded to the N96 grid used in HadAM3P.
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6. ASSTs were interpolated over land to avoid coastline mismatch between HadAM3P

and the CMIP5 GCM, and the HadAM3P land mask was applied.

7. ASSTs were spatially smoothed using a Gaussian filter.

8. ASSTs were added to the regridded OSTIA SSTs for the period December 1985 to

November 2014 to derive SSTs for the period December 2030 to November 2059.11.

Appendix B. Model spin-up

The strength of Weather@home is its ability to generate very large ensemble of short
runs (e.g. one-year long) relatively quickly. A compromise for this strength is that runs
of many consecutive years (as typically done during spin-up) are cumbersome. The spin-
up procedure described below arose out of a need to balance available resources with
efficacy while operating with the Weather@home structure; in other words, to avoid

continuous, multi-decadal spin-up runs.

For the historical scenario, the spin-up began with an existing single 10-year long
continuous simulation ending in 1967.11 (see Massey et al. 2014). The final model state
state from this run, saved in a “restart” file, was then used to provide the initial conditions
for each of 28 single-year runs beginning in December of the years 1985 through 2012
and ending November 1986 through 2013. Next, the restart files from each of these 28
simulations were used as the initial conditions of single-year simulations beginning in
December of the years 1986-2013. The restart file from 1986.11 was used to initialize

1985.12 because there was no simulation ending in 1985.11.
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For the future, a historical run, spun-up using the above method, seeded the spin-up
procedure: a restart file from 2011.11 was used to initialize single-year simulations
beginning 2030.12, 2035.12, 2040.12, 2045.12, 2050.12, and 2055.12. Next, the restart
files for each of these 6 runs initialized at least four single-year runs in consecutive years.
For example, the restart file for 2031.11 initialized 2030.12, 2031.12, 2032.12, 2033.12,
2034.12, and 2035.12, while the 2036.11 restart file initialized 2036.12, 2037.12,
2038.12, 2039.12, and 2040.12. Lastly, the restart files from each of these 28 simulations
ending in 2030.11 through 2057.11 were used as the initial conditions of single-year
simulations beginning in December of the years 2031-2057. The new restart file from
2031.11 was also used to initialize 2030.12 because there was no simulation ending in
2030.11. In summary, each modeled year in the future scenario underwent 15 years of
spin-up, of which the last 3 spin-up years were driven by the forcings and boundary

conditions of the year’s respective time period under RCP 4.5.
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Table 1. Slope of the linear relationship between the change in temperature (7)
and the decrease in albedo (&) given as the change in 7 for a -0.1 change in « from
the historical period to the future scenario for A < —0.0002.

Winter (DJF) Spring (MAM)
. —0.1AT/ —0.1AT/
Region Ag Inner 95% R2 Aa Inner 95% R2
. C.L . C.L
(°C) (°C)

Western WA/OR 0.55 0.49,0.60 0.51 1.39 1.24,1.55 0.76
Eastern WA/OR 0.26 0.23,0.30 0.32 0.80 0.72,0.88 0.55
Northwest Interior 0.54 0.51,0.57 0.68 0.38 0.33,042 0.24

Western CA 0.69 055083 041 125 108 141 070
Southwest 030 028,032 032 034 030,039 0.19
Interior

"Merged with eastern CA
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896  Figure 1. Domain of HadRM3P with surface elevation. Red dashed lines show the
897 latitudinal transects discussed in the text. Dark lines bound the sub-domains: 1) Oregon
898 and Washington west of, and including, the Cascade Range divide (Western OR/WA); 2)
899  Oregon and Washington east of the Cascade divide (Eastern OR/WA); 3) Idaho, Montana
900 and Wyoming north of 42°N and west of 108°W (Northwest interior); 4) California west
901 of the Sierra Nevada and Cascade Range divides (Western CA); 5) California east of the
902 Sierra Nevada and Cascade Range divides (Eastern CA); 6) Nevada, Utah, and Arizona
903  north of 32.5°N, including the southwest corner of Wyoming (Southwest interior).
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Figure 2. Change in ensemble mean seasonal mean 2-m air temperature (A7) from the
historical period (Dec. 1985 — Nov. 2014 to the future scenario (Dec. 1985 — Nov. 2014;
RCP 4.5) for a) winter (DJF), b) spring (MAM), c¢) summer (JJA), and d) fall (SON).
Values are averaged over all 100 ensemble members per year and over all 29 years per
period for each model grid point. Contour intervals for lines are 0.25°C.
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Figure 3. Ensemble mean winter (DJF) near surface (1.5 m) air temperature for the
historical period and future (RCP 4.5) scenario along three longitudinal transects (left
column) and the change from the historical period to the future scenario along the same
three longitudinal transects (right column). Yellow, orange, and red shading show the
95% confidence intervals using 1, 5, and 100 ensemble members per year, respectively.
Also shown are the historical data from PRISM (dashed lines, left) and elevation (grey)
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920 along each transect. Note that the mean temperature and elevation y-axis ranges differ for
921  each transect.
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Figure 4. As Fig. 3 but for spring (MAM). Note that mean temperature and temperature
change y-axis ranges differ from those in Fig. 3.
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939  Figure 7. Change in ensemble mean a) winter (DJF), b) spring (MAM), ¢) summer (JJA),
940 and d) fall (SON) near surface air temperature from the historical period to the future
941  scenario against elevation in the northwestern US. One point is shown for each model
942  grid cell. Symbols are colored by sub-domain (see Fig. 1).
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952  Figure 9. Change in ensemble mean a) winter (DJF), b) spring (MAM), ¢) summer (JJA),
953  and d) fall (SON) mean surface albedo from the historical period to the future scenario.
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Figure 10. Change in ensemble mean winter (DJF, left) and spring (MAM, right)
seasonal air temperature against change in albedo from the historical to the future
scenario for the northern (top) and southern (bottom) regions. One point is shown for
each model grid cell with change in albedo < -0.002. Symbols are colored by sub-
domain (see Fig. 1). Lines show fit of linear model by regions. Note the y-axes ranges
differ among panels.
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cell. Symbols are colored by sub-domain (see Fig. 1).
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979  Figure 13. Percent change in ensemble mean seasonal precipitation rate from the
980 historical period to the future scenario.
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984  Figure 14. Change in ensemble mean temperature against change in precipitation in
985  summer (JJA) from the historical to the future scenario. The black line shows the linear
986  regression for the Eastern OR/WA and Northwest interior combined. Symbols are
987  colored by sub-domain (see Fig. 1).
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Table1

Table 1. Slope of the linear relationship between the change in temperature (7)
and the decrease in albedo (&) given as the change in 7 for a -0.1 change in « from
the historical period to the future scenario for A < —0.0002.

Winter (DJF) Spring (MAM)
. —0.1AT/ —0.1AT/
Region Ag Inner 95% R2 Aa Inner 95% R2
. C.L . C.L
(°C) (°C)

Western WA/OR 0.55 0.49,0.60 0.51 1.39 1.24,1.55 0.76
Eastern WA/OR 0.26 0.23,0.30 0.32 0.80 0.72,0.88 0.55
Northwest Interior 0.54 0.51,0.57 0.68 0.38 0.33,042 0.24

Western CA 0.69 055083 041 125 108 141 070
Southwest 030 028,032 032 034 030,039 0.19
Interior

"Merged with eastern CA
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