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1.  Introduction
Snow is an important part of wintertime in mid-to high latitudes, as it fundamentally changes the land 
surface. It changes the surface energy balance by increasing surface albedo (Betts et  al.,  2014; Flanner 
et al., 2011; Hall, 2004), causing a positive snow albedo feedback. This feedback leads to an enhancement 
of climate variations and trends in snow-covered regions, making it a leading factor in the amplification 
of global warming in the northern high-latitudes (Pithan & Mauritsen, 2014; Serreze & Francis, 2006; Ser-
reze et al., 2009) and at high altitudes (Palazzi et al., 2017; Pepin et al., 2015). The presence of snow has 
an insulating effect on the soil (Lawrence & Slater, 2010; Lytle & Zeng, 2016) with consequences on the 
temperature of permafrost at high latitudes (Gouttevin et al., 2012; Park et al., 2015). Therefore, the loss of 
snow contributes to the endangerment of permafrost, the loss of which would release the large carbon store 
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contained within it (Lawrence et al., 2015; Schuur et al., 2015). Additionally, snowmelt determines the onset 
of vegetation green-up when carbon uptake begins (Pulliainen et al., 2017). Surface roughness is reduced 
with the presence of snow, thus affecting surface turbulent fluxes (Wang et al., 2010). Snow also impacts 
the surface water balance by storing water to be released later upon snowmelt, contributing to the timing 
and magnitude of river discharge (Clow, 2010; Musselman et al., 2017; Stewart et al., 2005). Furthermore, it 
has been demonstrated that snow has important interactions with the atmosphere (Xu & Dirmeyer, 2011), 
even affecting the amount of summer rainfall during the Indian monsoon through teleconnections (Halder 
& Dirmeyer, 2017; Vernekar et al., 1995).

Because of the importance to climate, the accurate simulation of snow in global climate and Earth system 
models (ESMs) is essential. Many different snow models and parameterizations have been developed over 
the years. Some are simple single-layer representations, while others have multiple layers and include com-
plex physics (Günther et al., 2019). Several intercomparisons of these models have been undertaken (e.g., 
Bowling et al., 2003; Essery et al., 2009, 2013; Etchevers et al., 2004; Menard et al., 2021; Slater et al., 2001). 
Such intercomparisons have revealed a large spread in simulated snowpack, thus making it difficult to pick 
out which of these models produce better results or to determine what is most problematic in these models. 
Günther et al. (2019) determined that the largest snow model uncertainty is derived from the model forcing. 
Precipitation, air temperature, and surface radiation are important during the accumulation period, while 
air temperature and longwave radiation are important during ablation. Furthermore, Hamlet et al. (2005) 
found that temperature and precipitation trends influence trends in snow water equivalent (SWE) in a land 
surface model in the western contiguous United States (CONUS).

These studies used uncoupled snow models or LSMs forced by meteorological data, but there are feedbacks 
that occur when the land model is coupled to an atmosphere model that may result in temperature, precip-
itation, and SWE errors. SWE has also been evaluated in ESMs as well as regional climate and numerical 
weather prediction models. For instance, Frei et al. (2005) found that, while the seasonal timing and spatial 
patterns of North American SWE was generally well represented in 18 climate model simulations from the 
Atmospheric Model Intercomparison Project (AMIP) Phase 2, there is still significant variability between 
models in their simulations of SWE. SWE in individual models has also been evaluated. For example, Dery 
and Wood (2006) found that North American snow mass was underestimated by the Geophysical Fluid Dy-
namics Laboratory Climate Model version 2. Large uncertainties have been found in intercomparisons of 
regional climate model (RCM) simulations forced by downscaled global climate model (GCM) output over 
North America. This uncertainty is more attributable to the RCM than the choice of GCM forcing (McCrary 
& Mearns, 2019). Improved representations of SWE have been found for modeling smaller regions by, for 
instance, the Weather Research and Forecast (WRF) model (e.g., Qian et al., 2010; Wrzesien et al., 2017).

The simulated snowpack in the latest version of ESMs remains largely unassessed. Mudryk et al. (2020) 
recently evaluated simulated Northern Hemisphere snowpack and trends in many ESMs of this generation 
in comparison to the previous one, largely focusing on aggregate snow cover and mass. Here, we focus 
on the Department of Energy (DOE) Energy Exascale Earth System Model version 1 (E3SMv1), (Golaz 
et al., 2019). To put the performance of this model into context, we compare it to the Community Earth 
System Model version 2 (CESM2), (Danabasoglu et al., 2020) along with two other Earth system models: 
the Geophysical Fluid Dynamics Laboratory Climate Model version 4 (CM4), (Held et al., 2019) and the 
Goddard Institute of Space Studies (GISS) ModelE version 2.1 (Kelley et al., 2020).

Global satellite estimates of snowpack are often used in the study of weather, climate, and hydrometeoro-
logical studies, including the evaluation of ESMs, but such estimates are problematic, notably in forested 
regions (Cho et al., 2020; Dawson et al., 2018). In situ measurements of snowpack are limited and com-
parisons to gridcell mean quantities is difficult. Thus, The University of Arizona (UA) recently developed 
a gridded snow product over the CONUS (Zeng et al., 2018) which provides SWE and snow depth (SD) at 
a horizontal resolution of 4 km. The UA snow product has been rigorously tested (Broxton, Dawson, & 
Zeng, 2016, Broxton, Zeng, & Dawson, 2016; Dawson et al., 2018), and its accuracy over satellite estimates 
of SWE has been subsequently reinforced by comparison with independent measurements across CONUS 
(Cho et al., 2020). Therefore, we use this data to evaluate the simulated snowpack from E3SMv1 and the 
other models.
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The evaluation of the snowpack in these models is extended beyond just a simple assessment of SWE biases 
to also include an evaluation of the errors in SWE trends. We attribute SWE biases and trend errors to those 
in winter season average temperature (T) and accumulated precipitation (P). Several previous studies have 
found connections between SWE biases and changes and T and P biases (e.g., Frei et al., 2005; McCrary & 
Mearns, 2019) while not quantifying how much the T and P biases and trend errors contribute to those in 
SWE.

In the next section, we describe how we do the attribution using multiple linear regressions. We also de-
scribe in more detail the UA snow product along with the models compared here in Section 2. The results 
are presented in Section 3, and further discussion of the results and conclusions are provided in Section 4.

2.  Data and Methods
2.1.  The University of Arizona (UA) Product

Simulated snowpack in the models is compared to the UA snow product which includes daily estimates of 
SWE on a 4-km grid over the CONUS (Broxton, Dawson, & Zeng, 2016, Broxton, Zeng, & Dawson, 2016; 
Dawson et al., 2018; Zeng et al., 2018). This product includes assimilated in situ measurements of SWE and/
or SD consistently at thousands of sites (Broxton, Dawson, & Zeng, 2016) with 4 km gridded PRISM precip-
itation and temperature data (Daly et al., 2008) over CONUS. The advantage of using this gridded data set is 
that, instead of interpolating only SWE, the ratio of observed SWE to estimated net snowfall (accumulated 
snowfall minus accumulated snow ablation) is interpolated from point measurements to the 4-km pixels 
(Broxton, Dawson, & Zeng, 2016). Interpolation differences are found to be much smaller using this method 
than those of other interpolation methods irrespective of the number of stations used (Broxton, Zeng, & 
Dawson, 2016). SWE estimates are also similar no matter how many stations are used in the interpolation 
(Broxton, Dawson, & Zeng, 2016). Snowfall is separated from rainfall based on the daily 2-m air temperature 
in the station data, and snow ablation is also determined from station temperature (Broxton, Zeng, & Daw-
son, 2016). A new and improved snow density parameterization (Dawson et al., 2017) is used to convert SD 
to SWE and vice versa. The data set also includes the 4-km daily temperature and precipitation data from 
PRISM (Daly et al., 2008). Henceforth, the combined UA and PRISM datasets will be referred to as OBS.

Thus, the UA product completely utilizes in situ snowpack measurements constrained by gridded daily pre-
cipitation and temperature data. The accuracy and robustness of the UA product as a reference continental 
snowpack data set has been verified in four rigorous tests: point-to-point interpolations (Broxton, Dawson, 
& Zeng, 2016), point-to-pixel interpolations (Broxton, Zeng, & Dawson, 2016), comparison to independent 
snow cover extent data (Dawson et al., 2018), and comparison to independent airborne lidar measurements 
(Dawson et al., 2018). Furthermore, Cho et al. (2020) independently found that UA SWE was more accurate 
than satellite-derived SWE over all land cover types and snow classes in comparisons with airborne gamma 
radiation measurements across CONUS.

2.2.  Models

The models evaluated here are E3SMv1 (Golaz et al., 2019), CESM2 (Danabasoglu et al., 2020), GFDL CM4 
(Held et al., 2019), and GISS ModelE2.1 (Kelley et al., 2020). We focus on simulations in which only the 
atmosphere and land models are coupled with the ocean forcing coming from observed sea surface tem-
peratures (atmosphere-land or AMIP-like simulations). We also briefly evaluate the fully coupled atmos-
phere-land-ocean (historical) simulations.

E3SMv1 is the U.S. Department of Energy's newly developed Earth system model. E3SMv1's snow param-
eterization is inherited from CLM4.5 (Zeng et al., 2002) with a variable number of snow layers up to five. 
Three ensemble members run at the standard 100-km resolution on the cubed sphere grid of the spectral 
element dynamical core were used here. The spectral element grid of the model output was regridded to a 
regular 1° × 1° resolution.

The other models were evaluated at their native resolutions. There was only one atmosphere-land sim-
ulation of CESM2 at ∼0.9° latitude  ×  1.25° longitude. CESM2's snow parameterization is the same as 
CLM4.5's except that compaction has been updated according to van Kampenhout et al. (2017). Only one 
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atmosphere-land simulation run was available from CM4 at 1° × 1.25° resolution. The number of snow 
layers in CM4's land model (Milly et al., 2014) is fixed, expanding and contracting with changes in snow 
mass. Finally, 15 ensemble members from ModelE2.1 were used given at 2° × 2.5° resolution. A maximum 
of three snow layers can exist in ModelE2.1's land model but can be as few as one given a very thin snow-
pack (Schmidt et al., 2006). If there are multiple ensemble members from a particular model, the ensemble 
mean is evaluated.

2.3.  Methodology

Our analyses are based on the water year t which runs from October of the year t-1 to September of the year t 
for water years 1985–2014 when the atmosphere-land simulations end. With our focus on SWE towards the 
end of the season, we compare March mean SWE from the model simulations with that from OBS. Model 
biases and differences in trends in SWE are attributed to October-March average temperature (T) and accu-
mulated total precipitation (P) through multiple linear regression.

When considered in isolation, the 4-km OBS SWE, T, and P are regridded to a regular 1° × 1° resolution to 
be more comparable to the model resolutions. The models are kept at their original resolution with the ex-
ception of E3SMv1 which is regridded to the same 1° × 1° grid as OBS is. Thus, model biases are calculated 
from E3SMv1's output at the regridded 1° × 1° resolution; the native resolution from the other models; and 
OBS SWE, T, and P regridded to the resolution corresponding to that of each model output. The impact of 
elevation on these biases is examined by performing (least squares) linear regressions for three different re-
gions: the Western CONUS (W-CONUS) for longitudes west of 104°W containing the most complex topog-
raphy, the Central CONUS (C-CONUS) for 90°–104°W, and the Eastern CONUS (E-CONUS) for longitudes 
east of 90°W as indicated in the top middle panel in Figure 1. The relationship between T and P biases are 
also examined through linear regression of P biases by T biases. Trends in SWE, T, and P are derived from 
linear regression of their time series. Statistical significance of trends is determined by Student's t-test.

The impact of T and P on the SWE errors and errors in trends are investigated by performing multiple linear 
regressions in T and P errors. In order to compare the relative contributions of T and P errors to those of 
SWE, we regress the SWE errors onto the T and P errors normalized by the standard deviation of T and P 
errors such that:

     SWE , , T P

t T t P
x y t A B C  

 
   

   (1)

where εSWE, εT, and εP are the errors as a function of space and time in SWE, T, and P, respectively; σt(εT) 
and σt(εP) are the interannual standard deviations of T and P errors, respectively; Aε and Bε are the slopes 
of the multiple linear regression for normalized T and P errors, respectively; and Cε is the y-intercept of the 
regression. Similarly, for trend errors,

     SWE , T P

xy T xy P
x y A B C  

 
     

 
   

  (2)

where ΔτSWE, ΔτT, and ΔτP are the errors in SWE, T, and P trends, respectively; σxy(ΔτT) and σxy(ΔτP) are the 
regional spatial standard deviations of T and P trend errors, respectively; AΔτ and BΔτ are the slopes of the 
multiple linear regressions for normalized T and P trends, respectively, and CΔτ is the y-intercept of the re-
gression. The regression coefficients are the unit rates of change in SWE errors from changes in normalized 
T or P errors. Thus, they represent the sensitivity of the SWE errors to T and P.

3.  Results
3.1.  SWE Errors in Atmosphere-Land Simulations and Their Sensitivity to T and P Errors

The biases (model-OBS) in model SWE, T, and P are evaluated first in Figure 1. For reference, the top row 
shows values for OBS. The highest positive (overestimate) and negative (underestimate) biases in SWE (Fig-
ures 1b–1e) are produced in the W-CONUS. CESM2 produces positive SWE biases (by 32 mm on average) 
across the northern parts of the C-CONUS and E-CONUS (Figure 1c), whereas CM4 simulates negative 
SWE biases (by 44 mm on average) over some of the same regions.
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Over most of the W-CONUS, the models produce negative T and positive P biases, while positive T and neg-
ative P biases exist over regions associated with higher elevation like the Sierra Nevada and Cascade Moun-
tains. On the other hand, all models produce positive T biases (>1°C) in C-CONUS but smaller P biases 
(<80 mm). In the E-CONUS, the models have slightly higher magnitude P biases than in the C-CONUS, all 
but ModelE2.1 having positive biases. T biases are strongly (>1°C) positive over New England in E3SMv1.

The W-CONUS is noted for its complex topography. Therefore, we investigate connections between the 
W-CONUS biases and the misrepresentation of topography in the models. Figure S1 compares the elevation 
used in PRISM regridded to 1° × 1° with that used in each of the four models. While individual mountain 
ranges are visible in the W-CONUS in the PRISM regridded elevations, the higher terrain is represented in 
the models simply as an elevated plateau with the highest elevation in the Colorado Rockies as it is in reality. 

Figure 1.  (a) Mean 1985–2014 March snow water equivalent (SWE) in OBS; (b–e) SWE biases in E3SMv1, CESM2, GFDL-CM4, and Goddard Institute of 
Space Studies (GISS) ModelE2.1 from OBS (i.e., model–OBS); (f) October–March mean temperature (T) in OBS; (g–j) model T biases; (k) October-March 
accumulated precipitation (P) in OBS; and (l–o) model P biases. Land grid cells in which model or OBS maximum March SWE is less than 3 mm or areas 
outside the contiguous United States with no data in OBS are masked as gray in all panels. The OBS mean quantities use the color bars on top, while the biases 
in the bottom four rows use the color bars at the bottom.
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In particular, the Cascades are missing and the Sierra Nevada are poorly 
represented as the beginning of the W-CONUS plateau. The highest el-
evation in PRISM is 3,380 m, whereas it is only 2,561, 2,708, 2,915, and 
2,817 m in E3SMv1, CESM2, CM4, and GISS ModelE2.1, respectively.

Model SWE biases have strong relationships to elevation biases in W-CO-
NUS and weaker relationships in the other two regions (Figure S2). In 
fact, all models produce statistically significant relationships between 
SWE and elevation biases in the W-CONUS with slopes ranging from 
0.17–0.20 mm m−1 (Table 1). On the other hand, such a relationship is 
near-zero in the C-CONUS with the exception of CESM2 (0.03 mm m−1); 
none of these relationships are statistically significant. With some more 
complex terrain, the models' SWE biases are more sensitive to elevation in 
the E-CONUS than in C-CONUS, but only CM4 produces a relationship 
(0.10 mm m−1) comparable to those in W-CONUS. Still, only ModelE2.1's 
relationship is not statistically significant. Correlation coefficients are 
higher in the W-CONUS and E-CONUS.

T and P biases are also related to elevation biases (Figures S3 and S4). T 
biases are generally negative or near-zero in all regions and statistical-
ly significant when the magnitude of the relationship is >0.001°C m−1 
(or 1°C km−1). On the other hand, P biases are more strongly related to 
elevation biases in W-CONUS and E-CONUS. Statistically significant re-
lationships are only produced by E3SMv1, CM4, and ModelE2.1 in the 
W-CONUS and CM4 in the E-CONUS. As for SWE, T and P correlations 
are higher over the W-CONUS and E-CONUS except in CESM2 (Table 1).

As would be expected, T and P biases are also related to each other, most 
notably in the W-CONUS (Figure  S5). All models produce statistically 

significant negative relationships between P and T biases with correlation coefficients ≥0.10 in magnitude 
there (Table S1). In the other regions, only two models produce statistically significant relationships. One 
of the models with an insignificant relationship in the C-CONUS is CM4 which produces the lowest magni-
tude slope and correlation coefficient. In the E-CONUS, these models are CESM2 and CM4, which produce 
negative relationships, whereas the other two produce slightly positive relationships.

There clearly is some correspondence between P and T biases and SWE biases, especially in the W-CO-
NUS where all of those biases are highest in magnitude. Table 2 presents the regional mean SWE error 
correlations to T and P errors separately. For W-CONUS, we further divide the region into two different 
elevation bands: <1,500 m and ≥1,500 m. This roughly corresponds to the elevation that Sospedra-Alfonso 
et al. (2015) found to be the threshold below which temperature is the controlling driver of snowpack and 
above which precipitation is the controlling driver. Also, approximately half of the grid cells in the W-CO-
NUS lie below 1,500 m and half at or above that elevation. T errors are negatively correlated to SWE errors 
in all regions from all models ranging from −0.39 to −0.52, whereas the positive correlations between P and 
SWE errors are generally higher in the W-CONUS. Table 2 also shows the regional mean multiple linear 
regression coefficients of the SWE errors for normalized T and P errors (Equation 1). Like the correlations, 
T coefficients are negative, and P coefficients are positive. This indicates that positive T errors contribute 
negatively to SWE errors, while positive P errors contribute positively to SWE errors. In E3SMv1, both 
regression coefficients are similar between the two elevation bands in the W-CONUS with higher T coef-
ficients than P coefficients. P errors are less influential to E3SMv1's SWE errors in E-CONUS as indicated 
by the lower P coefficients (0.21 mm). Whereas the P coefficients are nearly the same between these two 
regions in E3SMv1, the P coefficients in the other models are higher in C-CONUS than in E-CONUS while 
being slightly lower than in W-CONUS, suggesting that C-CONUS represents a transitional region in these 
models. In all models, T coefficients are higher than the P coefficients in all regions. Thus, the SWE errors 
are more sensitive to T errors than to P errors in all models across the CONUS.

Model SWE bias (mm m−1) T Bias (°C m−1) P Bias (mm m−1)

W-CONUS

E3SMv1 0.19* (0.56) −0.003* (−0.61) 0.27* (0.51)

CESM2 0.17* (0.50) >−0.001 (−0.06) 0.05 (0.11)

CM4 0.20* (0.50) −0.001* (−0.20) 0.13* (0.22)

ModelE2.1 0.18* (0.55) −0.007* (−0.41) 0.02 (0.05)

C-CONUS

E3SMv1 −0.003 (−0.01) −0.004* (−0.30) 0.05 (0.04)

CESM2 0.03 (0.18) <0.001 (0.09) −0.03 (−0.06)

CM4 0.003 (0.01) −0.002 (−0.16) −0.04 (−0.09)

ModelE2.1 0.003 (0.007) 0.003 (0.22) 0.23 (0.14)

E-CONUS

E3SMv1 0.09* (0.34) −0.004* (−0.52) 0.07 (0.12)

CESM2 0.06* (0.20) <0.001 (0.08) 0.02 (0.03)

CM4 0.25* (0.46) −0.003* (−0.47) 0.20* (0.37)

ModelE2.1 0.10 (0.31) 0.001 (0.21) −0.70* (−0.56)
aRegressions that are statistically significant at the 5% level are indicated 
by an asterisk. bIn parentheses.

Table 1 
Regression Slopesa and Correlation Coefficientsa for Relationships With 
Elevation Biases in Figures S2–S4a
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3.2.  Errors in SWE Trends in Atmosphere-Land Simulations and 
Their Sensitvity to T and P Trends

Figure 2 compares E3SMv1's SWE, T, and P trends to those of OBS. OBS 
SWE trends are generally negative over the W-CONUS with some very 
high negative values over some of the highest terrain and slightly posi-
tive over the C-CONUS and E-CONUS (Figure 2a). In E3SMv1, simulated 
SWE trends are positive over the W-CONUS and negative over the re-
gions to the east (Figure 2b). Thus, the mean trend errors are overly posi-
tive (+0.42 mm yr−1) in this model for elevations <1,500 m in the W-CO-
NUS, slightly negative (−0.17 mm yr−1) for elevations ≥1,500 m in that 
region and increasingly negative going towards the east (−0.31 mm yr−1 
in the C-CONUS and −0.60 mm yr−1 in the E-CONUS) (Figure 3a). Very 
few of the SWE trends are statistically significant in OBS and E3SMv1, 
but CESM2 produces more grid cells with statistically significant positive 
SWE trends in the W-CONUS. The spatial patterns in the SWE trends 
in CESM2 are overall similar to E3SMv1 (Figure 2c). Thus, these mod-
els' SWE trend errors are positive for all elevations in the W-CONUS 
(Figure 3b).

There is a great disparity between the T trends in E3SMv1 from OBS across 
the CONUS. OBS T trends are strongly positive over much of W-CONUS; 
72% of the grid cells there have trends >0.02°C yr−1. Over most of the 
rest of CONUS, T trends are only slightly positive or negative with only 
23% of this part of CONUS having positive trends >0.02°C yr−1 mostly 
over New England. This is somewhat different than the much stronger 
(>0.4°C yr−1) December-February T trends for 1,971–2004 over much of 
North America found by Kumar et al. (2013) using the Climate Research 
Unit's surface temperature data set. In contrast, E3SMv1 produces a di-
pole of negative (cooling) trends from the far northwest to strong warm-
ing trends towards the southeast and east. Thus, far less of the W-CONUS 
(1% of grid cells) has positive trends >0.02°C yr−1, and far more of the 
rest of CONUS (69%) has positive trends >0.02°C yr−1. These trend errors 
are evident in the mean negative errors in the W-CONUS and the positive 
errors in the regions to the east (Figure 3b). This dipole is even stronger in 
CESM2 with higher cooling trends in the Northwest and along the West 
Coast (Figure 2f).

P trends in OBS are strongly positive across the northern tier of states in CONUS (in 54% of the grid cells), 
while it is strongly negative along the southern periphery of the snow-covered CONUS (in 42% of the grid 
cells). P trends are very similar to OBS in E3SMv1 except negative trends extend northward along the coast 
in the E-CONUS. Thus, mean P trend errors are highest (−0.06 mm yr−1) for elevations <1,500 m in the 
W-CONUS and become increasingly negative with elevation (−0.35 mm yr−1 for elevations ≥1,500 m in the 
W-CONUS) and towards the east (−0.35 mm yr−1 in the C-CONUS and −1.80 mm yr−1 in the E-CONUS) 
(Figure 3c). On the other hand, CESM2 produces negative P trends in the northwestern CONUS and posi-
tive trends throughout the rest of CONUS except along the Mid-Atlantic coast. Therefore, mean P trends are 
negative in the W-CONUS for elevations <1,500 m but positive or near-zero for the other regions of CONUS.

Trends in SWE, T, and P in the other two models are very similar to those in E3SMv1 with a few exceptions 
(Figures S6 and S7). Notably, only CM4 produces negative SWE trends over parts of the W-CONUS but also 
produces mostly negative trends over the rest of CONUS. This corresponds to this model's negative SWE 
biases.

The correlations between model errors in SWE trends and those in T and P separately are given in Table 3. 
For E3SMv1, the SWE trend error correlation to T trend errors is negative in the W-CONUS, whereas the 
correlation to P trend errors are positive. Over the other regions, the correlation to T trend errors becomes 
positive. The highest magnitude in E3SMv1 T trend error correlations (0.41) is in the E-CONUS, whereas 

Model

Mean correlation between 
SWE errors and

Mean regression 
coefficients

T errors P errors Aε (mm) Bε (mm)

W-CONUS, elevation <1,500 m

E3SMv1 −0.46 0.38 −0.42 (64%) 0.28 (31%)

CESM2 −0.49 0.35 −0.47 (68%) 0.38 (60%)

CM4 −0.39 0.35 −0.41 (43%) 0.25 (32%)

ModelE2.1 −0.52 0.44 −0.43 (56%) 0.37 (56%)

W-CONUS, elevation ≥1,500 m

E3SMv1 −0.44 0.42 −0.45 (56%) 0.30 (40%)

CESM2 −0.42 0.46 −0.45 (64%) 0.44 (64%)

CM4 −0.43 0.48 −0.33 (53%) 0.41 (43%)

ModelE2.1 −0.44 0.40 −0.45 (73%) 0.61 (60%)

C-CONUS

E3SMv1 −0.49 0.34 −0.42 (66%) 0.29 (37%)

CESM2 −0.53 0.31 −0.46 (74%) 0.36 (58%)

CM4 −0.46 0.36 −0.31 (38%) 0.30 (38%)

ModelE2.1 −0.45 0.36 −0.35 (47%) 0.33 (40%)

E-CONUS

E3SMv1 −0.46 0.23 −0.45 (71%) 0.21 (30%)

CESM2 −0.51 0.15 −0.52 (78%) 0.09 (25%)

CM4 −0.44 0.25 −0.45 (68%) 0.25 (30%)

ModelE2.1 −0.45 0.25 −0.44 (76%) 0.27 (32%)
aPercentage of grid cells that are statistically significant at the 5% level are 
given in parentheses.

Table 2 
Regional Mean Correlation Coefficients and Multiple Linear Regression 
Coefficients for Equation 1a
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the highest magnitude P trend error correlation is 0.76 in the W-CONUS for elevations ≥1,500 m. In CESM2, 
the P trend error correlation is negative rather than positive in the W-CONUS for elevations <1,500 m. This 
corresponds to the negative P trends there. The correlation to P trend errors is also slightly negative in the 
E-CONUS, while the T trend error correlation is solidly negative. The correlations in CM4 and ModelE2.1 
are similar to E3SMv1's except for T in the W-CONUS for elevations ≥1,500 m where both correlations are 
positive.

Multiple linear regressions of the SWE trends are performed onto the normalized trend errors of T and P 
in Equation 2, the coefficients of which are also given in Table 3. In E3SMv1, T coefficients are negative in 
the W-CONUS, while the P coefficients are positive. In comparison to each other, the P coefficient is much 
higher than the T coefficient for elevations ≥1,500 m, suggesting that the SWE trend errors are more sensi-
tive to P trend errors at higher elevations. The regression coefficients are smaller in the other regions. Like 
the correlation coefficients, the P coefficient in the W-CONUS for lower elevations (<1,500 m) is negative 
in CESM2. For the other regions, the coefficients are similar to E3SMv1's. In the other two models, the 
coefficients are similar to E3SMv1's except in the W-CONUS for elevations ≥1,500 m where both models' T 
coefficients are positive.

3.3.  Errors in SWE Trends in Atmosphere-Ocean Coupled Simulations and Their Sensitivity to T 
and P Trends

The above discussion focused on the atmosphere-land only simulations. A natural question is: Do the at-
mosphere-ocean coupled runs produce similarly simulated SWE trends? Figure 4 shows that decreasing 
SWE trends in E3SMv1's atmosphere-ocean simulations for water years 1985–2014 are simulated through-
out most of CONUS with the strongest negative trends in the W-CONUS. This contrasts with the atmos-
phere-land simulations (Figure  2b). The simulated T trends are very different in the atmosphere-ocean 
simulations with positive trends across CONUS, while the model P trends are positive over most of the 
snow-covered CONUS. The change in T trends in the atmosphere-ocean simulations results in positive T 
trend errors over most of the W-CONUS but worse errors over the rest of CONUS (Figure S9b). Mean P 

Figure 2.  Trends in (a), (b), (c) snow water equivalent (SWE), (d), (e), (f) T, and (g), (h), (i) P in (top) OBS, (middle) E3SMv1, and (bottom) CESM2. Dotted grid 
cells are those that have a statistically significant trend at the 5% level. Land grid cells in which model or OBS maximum March SWE is less than 3 mm or, for 
OBS, areas outside the contiguous United States with no data in OBS are masked as gray in all panels.
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trend errors are near-zero at lower elevations (<1,500 m) and >0 for higher elevations (≥1,500 m) and in 
the C-CONUS. Because of some negative P trends along the New England coast, mean P trend errors are 
near-zero in the E-CONUS with a large range in trend errors. CESM2 has similar SWE trends in its atmos-
phere-ocean simulations (Figure 4b). However, the T trends are slightly lower in CESM2, and P trends are 
negative over most of the C-CONUS and E-CONUS. SWE, T, and P trends are similar in the other models' 
atmosphere-ocean runs except that CM4 still produces the dipole in T trends (Figures S8 and S9g–S9l).

It appears that the stronger atmosphere-ocean simulation T trends are more influential on the negative 
SWE trends in the fully coupled simulations than in the atmosphere-land simulations. The relationship 
between atmosphere-ocean SWE trends and the normalized T and P trend errors are given in Table 4. E3S-
Mv1's coefficients are higher in magnitude for both T and P in the atmosphere-ocean simulations than in 
the atmosphere-land simulations except in the E-CONUS where the T coefficient decreases to −0.05. Thus, 
the more positive T trends CONUS-wide result in higher magnitude error coefficients, producing stronger 
declines in SWE in the historical simulations despite the higher magnitude P trend error coefficients and 
modest increases in P trends.

Figure 3.  Boxplots indicating the 25th to 75th quartiles of trend errors as the boxes, median trend errors as the horizontal line in the boxes, and the 10th to 
90th quartiles of trend errors as the wings in E3SMv1 (top) and CESM2 (bottom) for elevations <1,500 m and ≥1,500 m in the Western contiguous United States 
(CONUS) (west of 104°W), the Central CONUS (90°–104°W), and in the Eastern CONUS (east of 90°W). Also indicated are the mean errors (open circles) and 
the zero line (horizontal dashed lines).
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Since the same atmosphere and land models are used in the atmos-
phere-ocean simulations as in the atmosphere-land simulations, the above 
changes to the trends and regression coefficients are due to the change 
in interannual variability introduced by the coupling to the ocean in the 
atmosphere-ocean simulations. For instance, the ocean coupling would 
change the interannual and interdecadal oscillations like El Niño-South-
ern Oscillation, the Pacific Decadal Oscillation, and the North Atlantic 
Oscillation. In E3SMv1's atmosphere-land simulations, the interannual 
T and P standard deviations are lower compared to OBS (Figures S10a 
and S11a). The model reasonably represents the highest P standard devi-
ations over the mountainous terrain of the Cascades, Sierra Nevada, and 
the Rockies but fails to capture the highest T variability over the Northern 
Great Plains. P and T standard deviations are higher in CESM2 and CM4. 
In fact, the interannual T variability is too high, but they simulate the 
highest T variability in the northern Great Plains. In the E3SMv1 atmos-
phere-ocean runs, the T interannual variability is improved with higher 
standard deviations, the highest being over the Northern Great Plains as 
in OBS. The magnitude of the atmosphere-ocean T standard deviations is 
lower in all of the other models (Figures S10a–S10d). E3SMv1 P standard 
deviations in the atmosphere-ocean simulations are of a similar magni-
tude than those from the AMIP simulations (Figures S10e–S10h). There-
fore, the ocean coupling is more influential on the interannual variability 
in T than in P.

4.  Conclusions and Further Discussion
Here, the snowpack in E3SMv1 over the contiguous U.S. (CONUS) has 
been evaluated by comparing with The University of Arizona (UA) snow 
product derived from in situ measurements over CONUS. March mean 
SWE biases and trends in atmosphere-land (AMIP-like) simulation en-
semble are attributed to errors in October–March mean 2-m air temper-
ature (T) and accumulated precipitation (P) represented by coefficients 
in multiple linear regressions. These regression coefficients represent the 
sensitivity of the SWE errors to those of T and P.

The regression coefficients for T errors are higher than P error coeffi-
cients in all regions in E3SMv1, suggesting that errors in T contribute 

more to SWE errors than P errors. SWE errors are more sensitive to P errors in the W-CONUS than in the 
other two regions as indicated by the higher P coefficients in the former region.

In comparing model trends to those of OBS, model SWE and T trends are largely opposite to those of OBS 
across CONUS. OBS SWE trends are largely negative over the W-CONUS, especially in areas of higher 
terrain, and only slightly positive for most of the rest of CONUS. On the other hand, E3SMv1 produces 
an increasing trend in SWE in the W-CONUS and negative trends over much of the rest of CONUS. This 
is also the case for the other models except for CM4 which produces negative trends across most of the 
CONUS. This difference in simulated SWE trends can partially be explained by the T trends. In OBS, T 
trends are more positive throughout the W-CONUS and New England and weaker throughout most of the 
rest of CONUS. E3SMv1 and the other models produce negative T trends over much of the northwestern 
CONUS and large positive trends to the east. This suggests that SWE trends are sensitive to T trends, but 
they are also impacted by P trends. If we look at the multiple linear regressions of the SWE trend errors to 
the normalized trends in T and P, the T coefficients are slightly higher in magnitude than the P coefficients 
at lower elevations (<1,500 m) in the W-CONUS, while P coefficients are much higher in magnitude at 
higher elevations (≥1,500 m), suggesting that the SWE trend errors are more sensitive to the P trend errors 
at higher elevations.

Model

Correlation between SWE 
trend errors and Regression coefficients

T trend 
errors P trend errors

AΔτ (mm 
yr−1)

BΔτ (mm 
yr−1)

W-CONUS, elevation <1,500 m

E3SMv1 −0.13 0.02 −0.21 0.04

CESM2 −0.30 −0.28 −0.46* −0.40*

CM4 −0.40 0.07 −0.63* 0.26

ModelE2.1 −0.63 0.61 −0.25 0.33*

W-CONUS, elevation ≥1,500 m

E3SMv1 −0.02 0.76 −0.14 1.42*

CESM2 −0.14 0.53 −0.19 0.49*

CM4 <0.01 0.12 0.02 0.18

ModelE2.1 0.12 0.32 0.13* 0.36*

C-CONUS

E3SMv1 0.03 0.27 −0.04 0.12*

CESM2 <0.01 0.51 −0.32* 0.53*

CM4 −0.30 0.24 −0.17* 0.15*

ModelE2.1 −0.16 0.32 −0.15* 0.19*

E-CONUS

E3SMv1 0.41 0.37 0.18* 0.11*

CESM2 −0.13 >−0.01 −0.10 0.05

CM4 0.10 0.17 0.06 0.11

ModelE2.1 0.43 0.65 0.04 0.32*
aStatistically significant regression coefficients at the 5% level are 
indicated by asterisks.

Table 3 
Correlation Coefficients and Multiple Linear Regression Coefficients for 
Equation 2a
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Different T and P trends are seen in the fully coupled atmosphere-ocean runs. T trends are positive across 
CONUS which differs from the dipole of a cooling W-CONUS and warming across the rest of CONUS gener-
ated by the atmosphere-land simulations. The former corresponds to the warming seen in OBS throughout 
CONUS but is overly positive especially in C-CONUS and E-CONUS. This results in higher T and P trend er-
ror coefficients, suggesting that SWE trend errors are more sensitive to those of T and P in such simulations.

Such sensitivity attributions provide Earth system model developers guidance on where to focus their ef-
forts on rectifying atmosphere model errors if they want to provide better forcing for simulating more accu-
rate snowpack across CONUS. In terms of the biases, the focus should be on improving wintertime temper-
atures. For trends, the accurate representation of temperature trends is more important for the simulation 
of SWE at lower elevations (<1,500 m), while the accuracy of the simulated precipitation trends is very 
important to appropriately model SWE at higher elevations (≥1,500 m). The common error of producing a 
dipole in temperature trends across the CONUS documented here does not appear to be out of the range 
of possibility based upon the previous generation of models. Deser et al. (2016) noted that at least one of 
CESM1 large ensemble members produced a similar dipole. Also, of the 15 ModelE2.1 ensembles used 
here, most produce varying degrees of the same temperature dipole, and only one simulates a similar trend 
pattern across CONUS as OBS (not shown).

T and P errors are related to the misrepresentation of the elevation of the W-CONUS in all four models. 
The model terrain is smoothed out such that most of the mountain ranges including the Sierra Nevada 
and the Cascades disappear, and the W-CONUS is represented as an elevated plateau. These ranges and 
others across the W-CONUS are still somewhat visible in the PRISM elevations averaged to a horizontal 
resolution of 1° × 1° (Figure S1). It is possible that the topography in these models has been smoothed out 
to reduce the effects of Gibbs oscillations. Geil and Zeng (2015) documented that these spurious numerical 
oscillations still exist in almost all spectral and almost half of non-spectral models among the CMIP5 gen-
eration of GCMs and ESMs. Often these oscillations are larger than the interannual variability. Methods 
(e.g., Lindberg & Broccoli, 1996) have been developed to smooth sharp topographic features to reduce such 
oscillations. However, the elevation biases from this smoother topography results in SWE, T, and P biases 
in this region.

This might be alleviated if the models were run at a finer horizontal resolution. A high resolution (HR) sim-
ulation of E3SMv1 (at a nominal resolution of ∼25 km) has recently been performed (Caldwell et al., 2019). 
SWE from this simulation is evaluated in Figure S12b. The spatial patterns of SWE biases in the HR sim-
ulation are overall similar to those in the low resolution version with a few exceptions. Most notably, the 
overestimation of SWE is more widespread across the lower elevations of the W-CONUS. Biases in such 

Figure 4.  Trends in (left) snow water equivalent (SWE), (center) T, and (right) P in the atmosphere-ocean runs from (top) E3SMv1 and (bottom) CESM2. 
Dotted grid cells are those that have a statistically significant trend at the 5% level. Land grid cells in which model maximum March SWE is less than 3 mm are 
masked as gray in all panels. For comparison, the trends in OBS are given in the top row of Figure 2.
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universally finer resolution model runs still remain in E3SMv1, and such 
simulations are still very computationally expensive for long-term cli-
mate simulations. Another less computationally expensive option would 
be to run a global model on a regionally refined grid in which a higher 
resolution is selected for a region of interest with a coarser resolution 
applied elsewhere. This was tested in the Variable Resolution CESM (VR-
CESM) for a refined grid over the W-CONUS; SWE, temperature, and 
precipitation were all better simulated over the Rocky Mountains (Wu 
et  al.,  2017). Such a capability is being developed for the next version 
of E3SM. Regional models such as the Weather Research and Forecast 
Model (WRF) have also been shown to provide improved simulations of 
snowpack over limited areas (e.g., Qian et al., 2010; Wrzesien et al., 2017). 
In Qian et al. (2010), WRF was more capable of capturing rain shadow 
effects than the version of the global model incorporating the effect of 
subgrid topography on precipitation.

Further improvement would also come from rectifying other problems 
with the representation of the land surface consistent with Broxton, 
Zeng, and Dawson (2016). In that study, reanalyses and the Global Land 
Data Assimilation System (GLDAS) land model simulations were analyz-
ed. For these simulations, snow ablation was found to not happen until 
the near-surface temperature reaches the melting point, whereas abla-
tion in OBS occurs before this point. Ablation errors can also come from 
a mishandling of rain-on-snow events. An evaluation of model ablation 
requires daily output, and, as monthly mean SWE output was only avail-
able from the coupled model simulations here, this analysis is beyond the 
scope of this paper. However, the underestimation of SWE in the Cen-
tral and Eastern CONUS by CM4 is consistent with excessive ablation. 
The overestimation of SWE across the CONUS in CESM2 is unexpected, 
since an older version of its land model was found to also underestimate 
SWE due excessive ablation in Broxton, Zeng, and Dawson (2016). Future 
work should look at daily SWE from the atmosphere-land and land-only 
simulations to investigate the role of ablation in model snowpack biases.

The overestimation of SWE by CESM2 and the underestimate of SWE 
by CM4 CONUS-wide may also be due to other land surface representa-
tion errors in these models specific to their representations of snowpack. 

Future studies should work to identify which of these errors are responsible for these model biases. A key 
to this would be evaluating the land models run offline forced by the same atmospheric forcing as is done 
in GLDAS (Rodell et al., 2004) or for the Land Surface, Snow, and Soil Moisture Model Intercomparison 
Project (LS3MIP; van den Hurk et al., 2016) to eliminate the uncertainty from the forcing as noted here and 
in Günther et al. (2019).

Data Availability Statement
The UA snow product can be downloaded from the National Snow and Ice Data Center at https://nsidc.
org/data/nsid-0719/versions/1. E3SMv1 simulations were performed at NERSC and downloaded from the 
supercomputers there. CESM2 output was downloaded from the supercomputers at NCAR. (E3SMv1 and 
CESM2 output are also available from the ESGF web site at http://esgf-node.llnl.gov) GFDL-CM4 and GISS 
ModelE2.1 output was downloaded from the ESGF web site at http://esgf-node.llnl.gov.

Model

Correlation between SWE 
trend errors and Regression coefficients

T trend 
errors P trend errors

AΔτ (mm 
yr−1)

BΔτ (mm 
yr−1)

W-CONUS, elevation <1,500 m

E3SMv1 0.19 0.10 −0.35* 0.18

CESM2 0.06 0.38 0.08 0.53*

CM4 −0.17 0.16 −0.19 0.17

ModelE2.1 −0.02 −0.46 −0.07 −0.68

W-CONUS, elevation ≥1,500 m

E3SMv1 <0.01 0.76 −0.15 1.47*

CESM2 0.03 0.39 0.14 0.57*

CM4 −0.09 0.05 −0.14 0.03

ModelE2.1 0.17 0.24 0.24 0.28

C-CONUS

E3SMv1 −0.79 0.64 −0.48* 0.28*

CESM2 −0.36 0.37 −0.14* 0.16*

CM4 >−0.01 0.32 −0.31* 0.42*

ModelE2.1 −0.52 0.62 −0.24* 0.30*

E-CONUS

E3SMv1 0.26 0.60 −0.05 0.55*

CESM2 −0.04 0.27 −0.14 0.26*

CM4 0.59 0.33 0.53* 0.05

ModelE2.1 0.33 0.44 0.05 0.20
aStatistically significant regression coefficients at the 5% level are 
indicated by asterisks.

Table 4 
Correlation Coefficients and Linear Regression Coefficients for Equation 2 
in the Atmosphere-ocean Simulationsa

https://nsidc.org/data/nsidc-0719/versions/1
https://nsidc.org/data/nsidc-0719/versions/1
http://esgf-node.llnl.gov
http://esgf-node.llnl.gov
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