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Model experiments suggest climate change increased
the risk for record low American Southwest precipita-
tion in June-September 2020, but confidence is low due
to model biases and no significant observed trends.

rought has plagued the American Southwest
since 2000, leading to the second lowest estimat-
ed 19-yr average soil moisture in approximately
1200 years (Williams et al. 2020), fueling destructive
wildfires (Fu et al. 2021) and inducing low flows in
major rivers (Udall and Overpeck 2017; Hoerling et al.
2019). In 2020/21, drought deepened against the back-
drop of two decades of accumulated drought damages
that exceed $131.4 billion (NCEI 2021) and caused alarm
about potential water delivery shortages in the Colo-
rado River basin (U.S. Bureau of Reclamation 2021).
The proximate causes for persistent regional droughts
include low precipitation (Lehner et al. 2018) and in-
creased evaporative demand in concert with warming
temperatures (Crockett and Westerling 2018; Williams
et al. 2020). While there is strong evidence for anthro-
pogenic forcing of the warming trend (e.g., USGCRP
2018), recent work has also pointed to a potential hu-
man effect on Southwest precipitation (Pascale et al.
2017; Hoerling et al. 2019; He et al. 2020).
Precipitation deficits during the 2020 monsoon sea-
son were especially severe over Arizona, New Mexi-
co, Colorado, and Utah (the Four Corners states) and
were crucial in re-establishing the regional drought
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(a) 26 May 2020 United States Drought Monitor

(b) 6 October 2020 United States Drought Monitor
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Fig. 1. USDM issued on (a) 26 May 2020 and (b) 6 Oct 2020. (c) June-September 2020 precipitation percentile rank since
1895. (d) For the Four Corners states, June-September area average precipitation anomaly time series relative to the
past (1920-79) climate average.

(Fig. 1). On 26 May 2020, the United States Drought Monitor (USDM; Svoboda et al. 2002)
indicated that less than half of the Four Corners states area was in at least moderate drought
(Fig. 1a). By 6 October 2020, 75% of the area was covered by extreme drought (Fig. 1b). June—
September precipitation averaged over the Four Corners states was the lowest since at least
1895 (Figs. 1c,d).

Here we examine whether anthropogenic climate change influenced an unprecedented
failure of 2020 summer monsoon rains that reignited drought conditions. We focus on the
Four Corners states during June—September 2020 using observed analyses, historical coupled
climate models, atmospheric models, and event-attribution experiments.

Tools and methods.

Observed analyses. Drought assessments are from the USDM (Svoboda et al. 2002).! Observed
precipitation analyses for June—September 1895-2020 are based
on United States climate divisions (Vose et al. 2014).? Precipitation
for the Four Corners states is an area-weighted average for all
climate divisions in Utah, Arizona, Colorado, and New Mexico.

"https://droughtmonitor.unl.edu/Data/
GISData.aspx

2www.ncei.noaa.gov/pub/data/cirs/climdiv/

Model simulations. Coupled climate simulations for 199202019 are diagnosed. One is the 40-mem-
ber Community Earth System Model version 1large ensemble (CESM1; Kay et al. 2015) and the
second is the 30-member Seamless System for Prediction and Earth System Research (SPEAR;
Delworth et al. 2020). A 10-member ensemble of Community Atmosphere Model version 6
simulations (CAM6; Danabasoglu et al. 2020) are also diagnosed. In all three, time-evolving
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greenhouse gases and anthropogenic aerosols are specified: CESM1 following a CMIP5 proto-
col (Taylor et al. 2012) and SPEAR and CAMé6 following a CMIP6 protocol (Eyring et al. 2016).
CAMS6 is further constrained by specified monthly observed sea surface temperature (SST;
Huang et al. 2017) and sea ice variations (Rayner et al. 2003), and are employed since surface
boundary conditions have been shown to play a role in shaping American Southwest precip-
itation (Schubert et al. 2016).

Event-attribution experiments are diagnosed using parallel 50-member ECHAMS5
(Roeckner et al. 2006) atmospheric model ensembles for 1979-2020. The first ensemble (factu-
al) is conducted like the CAM6 simulations in which the observed SSTs, sea ice, and chemical
composition are specified based on monthly historical analyses. The second ensemble [coun-
terfactual (cf)] sets the atmospheric chemical composition to circa 1900 values and removes
observed 1900-2019 linear SST trends from their interannual variations [see Sun et al. (2018)
and Hoerling et al. (2019) for details]. Two assumptions on long-term SST change are made:
one in which observed zonally averaged SST trends are removed (cfvl) and the second in
which the observed two-dimensional SST trend pattern is removed from time-evolving SSTs
(cfv2). Simulated Four Corners states precipitation is obtained by calculating the average of
all grid points in that four-state region. Model data MAY s .
be obtained from the Facility for Weather and Climate 3 https://psl.noaa.gov/repository/facts/
Assessments (Murray et al. 2020).

Methods. Past (1920-79) and recent (1990-2019) climates are compared to estimate the effects
of historical change in June—September precipitation. Such a comparison in the historical
simulations isolates the effect of the prescribed forcing, which is mostly anthropogenic (Bindoff
et al. 2013). For event-attribution experiments, the recent climate is given by factual ensembles
for 1990-2019 and the past climate is given by the cfvl and cfv2 ensembles.

Our principal metric for assessing climate change effects is the relative risk ratio (e.g., Otto
et al. 2018) of low precipitation, where values larger than one indicate more frequent low
precipitation in the recent climate relative to the past. Histograms are evaluated to calculate
relative risk of change in seasonal precipitation falling below the 50% (median), 10% (decile),
5% (ventile), and 1% (percentile) thresholds of June—September precipitation. Confidence in-
tervals of relative risk ratios are derived using a bootstrapping approach, given negligible
temporal autocorrelation of June—September precipitation in the observed analysis (r = —0.02)
and in the models (not shown). The bootstrapping approach is described in the online sup-
plemental material.

Two approaches, both based on bootstrapping, provide a brief appraisal of model perfor-
mance. The first compares the first three moments (mean, variance, skewness) of precipitation
in the model’s past and recent climates to the observed analysis. The second compares the
mean precipitation difference between past and recent climates in the models to the observed
analysis. The bootstrapping approach is described in the supplement. In terms of regional
precipitation characteristics, the mean, variance, and skewness of the models differ from
each other and the observed analysis to varying degrees (Table 1). Some models simulate
more realistic mean precipitation (e.g., SPEAR) while others simulate more realistic variabil-
ity (e.g., ECHAMDb), although no models simulate both well. In terms of average precipitation
difference from past to recent climates, some models are able to simulate the small observed
precipitation increase as a possible outcome within a 95% confidence interval of its boot-
strapped simulated distribution (e.g., SPEAR, CESM1, ECHAMS5 cfv1 in Fig. S1).

Results.
Whereas record low precipitation in June—September 2020 over the Four Corners states
capped off a 3-yr stretch of below average rainfall (Fig. 1d), no significant trend since 1895 is
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Table 1. Mean, variance, and skewness of past (1920-79) and recent (1990-2019) climate precipita-
tion in the observed analysis and bootstrapped model ensembles. Three values are provided for the
model ensembles, the 2.5th (blue) and 97.5th (orange) percentiles to estimate the 95% confidence
interval, and the median (gray).

Past (1920-79) Recent (1990-2019)
Mean Variance Skewness Mean Variance Skewness
Observed analysis 1.256 0.057 0.374 1.281 0.058 0.459
1.847 0.057 -0.431 1.851 0.052 -0.476
CESM1 1.924 0.085 0.162 1.959 0.089 0.181
2.000 0.121 0.943 2.067 0.138 0.966
1.132 0.067 -0.170 1.01 0.050 -0.331
SPEAR 1.212 0.099 0.355 1.120 0.092 0.374
1.295 0.140 0.947 1.236 0.157 1.391
1.464 0.078 -0.153 1.233 0.028 -0.415
CAM6 1.551 0.114 0.366 1.315 0.051 0.375
1.641 0.160 0.974 1.491 0.084 1.196
0.804 0.049 -0.220 0.665 0.041 -0.378
ECHAMS5 cfv1 0.870 0.073 0.351 0.764 0.073 0.295
0.940 0.104 0.999 0.863 0.116 1.065
0.785 0.048 -0.121 0.666 0.042 -0.380
ECHAMS cfv2 0.851 0.071 0.379 0.763 0.073 0.293
0.921 0.099 0.951 0.685 0.115 1.053

found (Figs. 1d and 2a; see also Fig. Sla in the online supplemental material). Further, no sta-
tistically significant change in the frequency of low precipitation is noted from past to recent
climates (Fig. 2g). Given the brevity of observations, we use multiple models and large en-
sembles, controlled in various ways for historical climate drivers, to test the effect of climate
change on low precipitation occurrences.

Four of five models indicate statistically significant decreases in mean June—September
precipitation from past to recent climates over the Four Corners states, with only CESM1 dis-
senting (Figs. 2b—f). SPEAR and CAM6 simulate 0.089 mm day! (7%) and 0.235 mm day*
(15%) mean precipitation declines, respectively, via a dry shift in the probability distribution
from past to recent climates. The same climate change sensitivity in these transient experi-
ments is also found in the ECHAMS5 event-attribution experiments. All these experiments are
consistent in their widespread precipitation decreases from past to recent climates over the
American Southwest, though their spatial patterns differ (Fig. S2). The CESM1, in contrast,
simulates a slight increase in June—September precipitation from past to recent climates.

Statistically significant increases in the risk of extreme low seasonal precipitation in the
recent climate relative to the past is found across four of five models, given that the 95% con-
fidence intervals exceed a relative risk of unity (whiskers in Fig. 2g). As indicated by changes
in risk (dots in Fig. 2g), low decile occurrences for seasonal rainfall are found to be 1.5-2.5
times more likely, while the more extreme low percentile occurrences are found to be 2.5-5.5
times more likely in SPEAR, CAM6, ECHAMS5 cfv2, and ECHAMS5 cfvl. The 95% confidence in-
terval, or uncertainty, is larger for smaller ensembles (cf. CAM6 and SPEAR) and precipitation
thresholds that occur less frequently.
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(a) Observed Analysis (b) CESM1 (c) SPEAR
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Fig. 2. (a)-(f) For June-September over the Four Corners States, area average precipitation anomaly histograms
of past (1920-79) or counterfactual (gray) and recent (1990-2019) or factual (red) climates. Anomalies are calculated
relative to the past or counterfactual climate average. (g) Relative risk of below median, decile, ventile, and percentile
occurrence in the recent relative to the past climate (dot) and its 95% confidence interval (whisker) for the observed
analysis (blue), CESM1 (orange), SPEAR (green), CAM6 (pink), ECHAMS cfv2 (cyan), and ECHAMS cfv1 (purple).

The decrease in precipitation from past to recent climates is consistent with the studies
of He et al. (2020), which employed CMIP5 and CMIP6 models, and of Pascale et al. (2017),
which employed a single model. Both studies point to an increase in atmospheric stability
as a cause of precipitation decreases related to the North American monsoon, a result worth
probing in future physically based attribution studies of June—September precipitation over
the Four Corners states. Future physically based attribution studies would be strengthened
by the use of models with higher horizontal resolution and models that permit convection.
Models with higher horizontal resolution (e.g., 50 km) allow for a more accurate simulation of
moisture surge events from the Gulf of California (Pascale et al. 2016) and convection-permit-
ting models integrated at 2.5 km provide a reasonable representation of organized convection
important to precipitation over the American Southwest during the monsoon season.

Discussion and concluding remarks.

Most model experiments used herein indicate record low June—-September 2020 precipitation
in the Four Corners states (Fig. 1) was made more likely due to climate change (Fig. 2), al-
though our confidence in this result is low because such a change has not been observed
since 1895 and the models do not perfectly reproduce precipitation statistics in the region
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(Table 1). Four of the five models indicate that low decile and percentile occurrences are 1.5—
2.5 and 2.5-5.5 times more likely, respectively, due to climate change. The model results are
consistent across three widely used experiment types—historical simulations using coupled
and atmospheric models, and event-attribution simulations—which together provide a more
robust test of anthropogenic effects than observations alone. Use of these large ensemble ex-
periments allowed evaluations of extreme event probabilities to be directly calculated, which
is a strength of the study, even though the models are not perfect representations of the Earth
system. Our results are consistent with the regional precipitation decrease in a changing cli-
mate reported by Luong et al. (2017), which employed higher-resolution models that permit
convection, although it should be noted that their study found precipitation decreases to be
most prominent over Arizona.

An observed downward trend in June—September precipitation over the Four Corners states
has not been observed as of 2020. However, the absence of such a trend is not sufficient evi-
dence against an effect of anthropogenically forced drying. We note that some of the models
can reproduce the small observed mean precipitation increase from past to recent climates
(Fig. S1). Suggested hereby is that the absence of a drying trend over the last century could
have resulted from internal variability masking a climate change drying.

One of five models indicate that climate change leads to a slight wetting of the region
during June-September. This contrary indication of North American monsoon precipitation
in a changing climate is consistent with Cook and Seager (2013), who found no significant
change in total monsoon precipitation over Mexico and southern Arizona and New Mexico
in CMIP5 models. However, He et al. (2020) found a significant drying of the core monsoon
region over Mexico and Central America using CMIP5 and CMIP6 models, as did Moon and
Ha (2020), Chen et al. (2020), and Cook et al. (2020) for projections of the end of the twenty-first
century in CMIP6 ensembles. Cook et al. (2020) further points out that results from CMIP5 and
CMIP6 are generally consistent, which suggests that the same sources of uncertainty remain
the latest generation of climate models. The current study adds to these by focusing on the
Four Corners region to the north, and future work would be wise to examine summer rainfall
change across southwest North America. Such work would benefit, as here, from the use of
large ensembles from which tail risks could be meaningfully evaluated.
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