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Simulating US agriculture in a modern Dust
Bowl drought
Michael Glotter1†* and Joshua Elliott2,3†*
(Supplementary Fig. 2). We characterize the vulnerabilities of agriculture
to Dust-Bowl-like weather, a critical step to better understand
system-wide sensitivities and prepare for future extremes.
Simulations of crop yields driven by Dust Bowl weather indicate
severe loss to US agriculture from extreme droughts (Fig. 2, blue).
Estimated maize and soy yields under 2012 technology are lower
in the median yielding year of the 1930s decade than in the
lowest yielding year of the 2000s decade. Despite major advancements in farming practices from the 1930s to present day (most
notably the signiﬁcant increase in irrigation in the Great Plains
states), simulations of the 1936 drought still result in losses of
∼40% for maize and soy and ∼30% for wheat (Fig. 2, compare
1936 blue dot with 2000s median). We test maize simulations
against an empirical model based on growing season temperature
and precipitation (following common practice in refs 6,15,16; see
Methods and Supplementary Fig. 3), and ﬁnd similar results
(Supplementary Fig. 4). Estimates from both the high-resolution
process-based and empirical simulations conclude that a 1936-type
drought would be ∼50% worse than the 2012 drought, when losses
reached ∼26–28%.
The impacts of extreme drought are highly sensitive to timing
and location. The 1934 drought is commonly considered the most
severe of the Dust Bowl era17, but yield simulations suggest 1936
to be most damaging. Well-timed upper-Midwest precipitation in
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Drought-induced agricultural loss is one of the most costly
impacts of extreme weather1–3, and without mitigation, climate
change is likely to increase the severity and frequency
of future droughts4,5. The Dust Bowl of the 1930s was the
driest and hottest for agriculture in modern US history.
Improvements in farming practices have increased productivity,
but yields today are still tightly linked to climate variation6 and
the impacts of a 1930s-type drought on current and future agricultural systems remain unclear. Simulations of biophysical
process and empirical models suggest that Dust-Bowl-type
droughts today would have unprecedented consequences, with
yield losses ∼50% larger than the severe drought of 2012.
Damages at these extremes are highly sensitive to temperature,
worsening by ∼25% with each degree centigrade of warming.
We ﬁnd that high temperatures can be more damaging than
rainfall deﬁcit, and, without adaptation, warmer mid-century
temperatures with even average precipitation could lead to
maize losses equivalent to the Dust Bowl drought. Warmer
temperatures alongside consecutive droughts could make up
to 85% of rain-fed maize at risk of changes that may persist
for decades. Understanding the interactions of weather
extremes and a changing agricultural system is therefore critical
to effectively respond to, and minimize, the impacts of the next
extreme drought event.
The Dust Bowl of the 1930s is the most severe period of largescale droughts in recent US history. Three distinct droughts deﬁne
the Dust Bowl era (1930–31, 1933–34 and 1936), accounting for
three of the six driest (for maize, soy and wheat) and hottest (for
maize and soy) US growing seasons since 1901 (Fig. 1 and
Supplementary Fig. 1). Persistent drought conditions resulted in
double-digit percentage loss in Great Plains wheat yields each year
from 1933 to 1939, with losses as high as 32% in 19337.
Production declines led to lasting effects8,9 (such as population
shifts to urban counties10), and have motivated many to investigate
the impacts of the Dust Bowl11. Previous studies that focus on sites
in the Great Plains have conﬁrmed the severity of a modern dust
bowl for wheat7,12,13, but do not address the full effects on major
commodity crops. Authors have recently called for further
investigation of extreme weather events14 and food security11.
In this work we use the Dust Bowl as a case study to estimate the
US agricultural impacts of an extreme drought under current and
future socioeconomic and environmental conditions. We use a parallel version of the Decision Support System for Agrotechnology
Transfer (pDSSAT) biophysical process crop model to evaluate
maize, soybean and wheat for the contiguous United States using
observed weather from the 2000s (a representative decade) and
the 1930s (a hot decade with severely reduced precipitation) (see
Fig. 1 and Methods). We build on previous studies7,12,13 by including
the upper Midwest, where most maize and soybean is grown
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Figure 1 | Histogram of historical JJA (June, July, August) average PGF
(Princeton University Global Meteorological Forcing Dataset, Phase 2;
ref. 41) precipitation weighted by present-day US maize production. Years
at the tails of the distribution are identiﬁed in the text (ordered by rainfall
amounts within bin, with the lowest amount at the bottom). Precipitation
from the 1930s is shown in red and the 2000s (a more typical decade) in
blue. For reference, the historical mean is marked by a dotted black line.
See Supplementary Fig. 1 for all crops.
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Figure 2 | Box plots of US modelled maize (left), soy (centre) and wheat (right) yields under 2012 (blue) and 2035 (red) technology (tech.) and CO2
concentrations. We drive crop models with 1930s and 2000s PGF climate, and shift temperature inputs to 1980–2009 (ΔT1), 2010–2039 (ΔT2), and
2040–2069 (ΔT3) averages. Boxes represent the median and 25th–75th percentile for national yields, and circles represent yields outside this range.
For comparison, the grey dotted lines mark the modelled yields from the 2012 drought.

1934 (especially in July during the critical period around anthesis
when crops are sensitive to drought) helped many maize and soy
farmers avoid the most signiﬁcant damages, but offered no relief
to wheat farmers in neighbouring states further south and west
(Supplementary Fig. 5). Previous studies of the Dust Bowl that are
limited to the Great Plains13 or select sites12 are unable to capture
this heterogeneity.
Warmer temperatures decrease drought-stressed maize and soy
yields yet further (Fig. 2). We consider three temperature shifts
based on observed and modelled warming under Representative
Concentration Pathway 8.5 between 1920–1949 and 1980–2009
(ΔT1), 2010–2039 (ΔT2) and 2040–2069 (ΔT3). (See Methods and
Supplementary Table 1 for average temperature shifts. It should
be noted that precipitation patterns could change as well, but this
change remains a strong point of disagreement amongst climate
models.) Higher temperatures decrease maize and soy yields
consistently across all simulation years. Damage to maize under
1936 drought conditions responds linearly to increasing temperature, approximately doubling (from ∼40 to 80% losses) with 4 degrees
of additional warming. Wheat yields, however, change little in
higher temperature scenarios. Wheat is less spatially concentrated
than maize and soy (Supplementary Fig. 2), and temperature
changes have differing effects across regions: warmer temperatures
decrease spring and southern-grown winter wheat but increase
northern-grown winter wheat. Competing effects cancel when
aggregating to national yields.
Effects at warmer temperatures are not unique to the extreme
droughts of the 1930s. We uniformly adjust temperature (in 1 °C
additive intervals) and precipitation (in 10% multiplicative intervals)
inputs separately to isolate the effects of each on simulated yields.
Resulting yields are shown in coloured contours in Fig. 3, with
estimated yields for 1936, the 2000s median and 2012 marked for
comparison. For the 1936 drought (blue dot labelled 1936), temperature and precipitation anomalies impact yields similarly: temperature
anomalies alone lead to yield loss of ∼24%, and precipitation
anomalies alone ∼19%. For an equivalent 1936 drought in midcentury (blue dot labelled 1936 +ΔT3), however, temperature anomalies
dominate and alone lead to yield loss of ∼68%. By mid-century,
yields in a typical year (green dot labelled 2000s median +ΔT3) are
similar to those of 1936 (blue dot labelled 1936). Higher temperatures
impact yields through water stress (by means of increased evapotranspiration) and physiological effects (for example, from accelerated
growing seasons, as described in Methods)18.
Advancements in management practices and higher CO2 concentrations raise baseline yields, but do little to reduce relative loss
2

from extreme droughts (Fig. 2, red). Simulating yields using 2035
management and CO2 conditions (as deﬁned in Methods) has
little impact on wheat (wheat growing seasons are often restricted
by rotations with spring crops), but increases maize and soy yield
estimates by ∼5–10%. For maize, management advancements take
advantage of longer growing seasons. For soy, a C3 crop, yields
take advantage of elevated CO2 concentrations. However, despite
absolute yield gains in maize and soy, using 2035 conditions has
only minimal relative impact. In the most damaging drought of
1936, using 2035 conditions reduces relative losses by only ∼2–4%.
Advancements in farm management and policy (for example,
irrigation and the formation of the Soil Conservation Service)
have reduced the risk of damage from droughts, but some crops
and regions may still be vulnerable to changes (such as crop switching, investment in capital or farm abandonment) with lasting socioeconomic and environmental costs. To illustrate the extent of
production that may be vulnerable, we identify areas where
average rain-fed maize productivity loss across ﬁve consecutive
seasons falls below a critical threshold, estimated to be between 40
and 60% of expected yields (see Methods). Under weather
conditions in the 1930s and a 40–60% loss threshold, we estimate
only 0.2–8% of rain-fed maize production vulnerable to long-term
change from consecutive droughts (Supplementary Fig. 6, left). In
warming scenarios, however, even an optimistic threshold implies
widespread risk: under 1930s +ΔT3 weather, we estimate 23–85%
of production vulnerable (Supplementary Fig. 6, right).
Irrigation is often considered a natural response to persistent dry
conditions, but opportunities to switch ﬁelds from rain-fed to
irrigated may be limited in vulnerable years. Present-day water
demand is already depleting aquifers19, and we estimate that a
1930s drought (even without any assumptions of warming) could
increase water demand on currently irrigated areas yet further by
10–20% (Supplementary Fig. 7). We recommend studies of coupled
agricultural and hydrological models to better understand irrigation
limitations in persistent drought conditions (for example, ref. 20).
Other possible responses to long-term vulnerabilities from
consecutive droughts are limited. Abandonment is one option,
but present-day insurance and farm protection programmes
(many of which were inspired by conditions in the 1930s) would
likely be sufﬁcient to keep most land in production. (Farmers
could take some land out of production by participating in
depression-era Farm Service Agency programmes, such as the
Conservation Reserve Program, which pays farmers to convert a
portion of their land to forest/wetland or leave it fallow.) Another
possible adaptation strategy includes switching to generally lower
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Figure 3 | National maize yield response surface to changes in
temperature and precipitation. Yield simulations are driven with 2012
technology and 2002 (the median yielding year in the 2000s decade) PGF
weather, with weather inputs uniformly shifted for temperature in 1 °C
additive intervals (from −1 to +7 °C) and for precipitation in 10%
multiplicative intervals (from −50 to +50%). Contours identify resulting
yield changes in 10% intervals. Circles mark yield estimates using
temperature and precipitation for years 2012 (grey), 1936 (blue) and the
2000s median (green), including estimates using ΔT1−3 temperature shifts.
Bordering histograms show temperature and precipitation projections from
climate models for the historical (1920–2005, light grey) and near-future
(2037–2068, dark grey) periods, illustrating the likelihood of different
climate conditions represented in the contour plot.

yielding21 but more drought-resistant varieties, or to more droughtresistant crops (for example, sorghum). However, crop switching
requires signiﬁcant capital investment and may be discouraged by
government-backed insurance programmes22. Finally, it should
not be assumed that seed distributors will develop new genetic
lines that reduce negative impacts at high temperatures.
Researchers have long attempted to breed for heat stress tolerance,
but with little success to date23,24. Work towards these goals is
ongoing, along with other possible adaptation strategies such as
adjustments to row width and seeding rates.
We use the 1930s as an analogue for present-day extreme
droughts, but it is possible that the Dust Bowl droughts were abnormally severe even by modern standards. Recent studies suggest that
feedbacks from crop failure and dust storms contributed to Dust
Bowl conditions25,26 (see Methods for review), and management
and climate conditions that have changed considerably from the
1930s to present day almost certainly means that a future dust
bowl would be different than the past. We expect that improved
management and oversight (such as the Soil Conservation Service,
founded in response to the Dust Bowl) have reduced the risk of
extreme dust storms, but this should be evaluated alongside
expectations of warming from anthropogenic activity. Indeed,
climate change has been shown to signiﬁcantly increase the risk of
multi-decadal drought27, which may lead to droughts that are even
more severe than those of the 1930s28. In some locations, climate
change could also lead to increased dust production29. We evaluate
large climate model ensembles from the CESM LENS experiment to
estimate extreme temperature and precipitation event probabilities
in the recent past and future (see Methods and grey histograms in
Fig. 3 for ensemble projections). By mid-century, about 83% of

maize seasons are expected to experience average summer high temperatures hotter than the summer of 1936 (Fig. 3, compare the dark grey
temperature histogram with the blue dot labelled 1936).
Changes in management practices from the 1930s to the present
day make modern US agriculture more robust in many ways but
more vulnerable in others. Improvements in management and
technology have eliminated many non-climatic yield stresses and
dramatically increased yield, but have also made agriculture
tightly linked to changes in weather6 and potentially more vulnerable to extreme drought. In fact, it has been shown that more
recent droughts have had a larger impact on production than
droughts of the past30. Production is also more spatially concentrated today than in the 1930s (Supplementary Fig. 2), which
could further amplify system vulnerabilities. We show that observed
relative maize yield loss was similar in 1934/1936 and 1988/2012
(Supplementary Fig. 8), but signiﬁcantly less severe than simulated
yield loss for a 1930s drought under present or near-future conditions. (Note that this does not account for failed acres, which
were ∼2–2.5 times higher than typical in 1934 and 1936, but only
∼1.4 times higher than typical in 1988 and 2012. Differences
are explained by changes in cultivated area and expanded use of
irrigation in the most arid parts of the Great Plains.)
The Dust Bowl of the 1930s is best known for relentless dust storms
and devastating effects to agriculture and society. A present-day multiyear drought of the same severity as the 1930s would no doubt create
signiﬁcantly different (but not necessarily less damaging) impacts.
Mitigation and adaptation measures—including efforts to reduce
future emissions—will therefore be critical to minimize losses in
drought years and moderate long-term vulnerabilities.

Methods
Yield simulations and model inputs. We simulate yields using a parallelized
version of the commonly used Decision Support System for Agrotechnology
Transfer (DSSAT) crop modelling framework31,32. DSSAT is a biophysical process
crop model that has been used for more than 20 years by researchers across the
globe. The current version of DSSAT can simulate more than 40 different crops, and
includes representations for crop responses to weather, management (for example,
fertilization, irrigation, planting/harvesting dates) and soil properties. We estimate
maize, wheat and soy yields throughout the contiguous United States at 5 arcminute
resolution ((1/12)° or ∼10 km) using DSSAT modules CERES-Maize (DSSAT V4.5),
CERES-Wheat (DSSAT V4.6) and CROPGRO-Soybean (DSSAT V4.5), respectively.
We use the parallelized System for Integrating Impacts Models and Sectors (pSIMS;
ref. 33), which itself uses the Swift parallel scripting language34, to run DSSAT
concurrently on several clusters in a highly parallelized process (henceforth,
pDSSAT). We calibrate pDSSAT to match county- and state-level observed planting
and crop development dates (for example, ﬂowering, harvest) from the US
Department of Agriculture National Agricultural Statistics Service (NASS) crop
progress report35. The resulting simulations capture both yield variability and
technological trends with high accuracy (Supplementary Fig. 8). See ref. 36 for a
more detailed validation of pDSSAT, including under drought conditions. (Note that
pDSSAT historical calibration simulations, as shown in Supplementary Figs 3 and 8,
are driven by the Daymet climate dataset37. Simulations in the remainder of the
manuscript use the PGF or GSWP climate sources are described below.)
For this exercise, we use ﬁxed planting and crop development dates from 2012 to
better represent management practices under drought conditions, and use
projections of technological trends in 2035 for exploratory purposes (see below for
details). We do not attempt to model 1930s management, when yields were about
ﬁve times lower than modern agriculture (Supplementary Fig. 8). We model rain-fed
and irrigated yields at all locations, then aggregate to state and national levels based
on harvested hectares (c. 2000) from the Monthly Irrigated and Rainfed Crop Areas
(MIRCA2000) dataset38. All modelled yields in this manuscript are therefore
combinations of both rain-fed and irrigated estimated production. We use an
irrigation scheme where soil moisture is automatically returned back to 100% when
it falls below an 80% threshold. We deﬁne soil characteristics using the 1 km resolution
Global Soil Dataset for Earth System Modeling aggregated to 5 arcminutes39.
We drive pDSSAT with climate inputs (minimum and maximum temperature,
precipitation and solar radiation) from 1930 to 1940 (henceforth, 1930s) and
2000–2010 (henceforth, 2000s) from two sources: the Global Soil Wetness
Project-Phase 3 (GSWP40), and the Princeton University Global Meteorological
Forcing Dataset-Phase 2 (PGF, updated from ref. 41). GSWP dynamically
downscales the 1901–2010 twentieth Century Reanalysis (20CR42) and PGF
statistically downscales the 1901–2012 NCEP-NCAR Reanalysis; both then use CRU
(Climate Research Unit43, which interpolates station observations to a 0.5° global
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grid) to bias-correct temperature, but use different sources to bias-correct
precipitation. We use nearest-neighbour interpolation to downscale GSWP and PGF
weather yet further from 0.5° to 5 arcminute resolution for crop model simulations.
GSWP and PGF produce similar estimates of climate, but GSWP is biased slightly
warm and wet compared with CRU. Unless otherwise noted, we use PGF to drive
yields, and use GSWP only as a test of robustness in Supplementary Information.
We examine the impacts of the droughts in the 1930s with and without changes
in temperature. We use four global climate models (CESM1-CAM5, GISS-E2-R,
MIROC5, BCC-CSM1-1) from the CMIP5 (Coupled Model Intercomparison
Project phase 5) multi-model ensemble archive to estimate changes in monthly
mean minimum and maximum temperatures between climate model outputs from
1920 to 1949 and several future periods: 1980–2009 (ΔT1), 2010–2039 (ΔT2) and
2040–2069 (ΔT3). (We select global climate models from the CMIP5 archive that
both meet the requirements of our methodology and are representative of the range
of projected warming throughout the contiguous United States.) For future climate
projections, we use Representative Concentration Pathway 8.5. For each time period,
we calculate the average change in each month across all four global climate models
and apply the resulting shift to 1930s daily temperature from GSWP and PGF
sources (equation 1):
i,t+Δt
i,t
i,m
Tobs
= Tobs
+ ΔTmod

(1)

where t indicates the day of the year, Δt the shift to a future time period, Tobs the
i,m
1930s GSWP/PGF daily temperature data, and ΔTmod
the average modelled
temperature shift for location i, month m. Resulting shifts are shown in
Supplementary Table 1. Simulations in this manuscript are not projections of
drought for a speciﬁc year, rather should be considered projections of drought under
different assumptions of temperature distributions. We do not shift precipitation
variables, and therefore assume that the droughts in the 1930s represent the tail-end
of US precipitation distributions. We use 2000s weather as an example of a
representative decade (Fig. 1 and Supplementary Fig. 1), and compare 1930s yields
to 2000s median yields for benchmarking purposes.
Estimating future farming practices and technology. We estimate management
and technology practices in year 2035 to evaluate the ability of advancements in
farming practices to mitigate yield loss from extreme drought. At each county, we
extrapolate to 2035 linear trends in 1980–2012 planting dates (from NASS) and
crop-speciﬁc growth parameters (from calibrated pDSSAT simulations) for maize
(Supplementary Fig. 9), soy (Supplementary Fig. 10) and wheat (Supplementary
Fig. 11). We then shift 2035 extrapolations with 2012 anomalies from trend to better
represent management practices under drought conditions. (For example,
early-season drought helps dry out soils faster after the winter thaw, giving farmers
earlier opportunity in the ﬁeld to operate heavy machinery and plant seeds.) We also
model effects from changing CO2 , assuming a business-as-usual emissions scenario
with a 2035 CO2 concentration of 468 ppm. Estimates of 2035 management and
technology are not intended to fully capture all adaptive responses to climate change;
future estimates instead provide insight into crop responses to extreme drought
under some advancements in crop management. For maize, changes in planting
dates and crop growth parameters are estimated to account for ∼26% of yield
increase throughout the historical period44.
Maize. The CERES-Maize model speciﬁes crop development primarily through
cumulated growing degree days (GDD)—growing season cumulated temperature
above a deﬁned baseline:

groups, ranging from cold weather/long-day varieties to warm weather/short-day
tropical varieties. We use integer cultivar identiﬁcation numbers to map linearly
across these standard 13 maturity groups from 1 (coldest) to 161 (warmest). Cultivar
identiﬁcation numbers have increased slightly over the historical period
(corresponding with longer growing seasons) and are balanced by earlier planting
dates (Supplementary Fig. 10, top).
We extrapolate historical trends in planting dates and cultivar identiﬁcation
numbers to estimate future soy management and technology (Supplementary
Fig. 10). Like maize, we constrain slopes in planting date trends to be zero or
negative, and 2035 estimates to occur no earlier than April 1. We do not constrain
extrapolations in cultivar identiﬁcation numbers.
Wheat. The CERES-Wheat model speciﬁes crop development similar to CERESMaize through cumulated growing degree days. (Differences in crop growing seasons
and crop traits however do require variations in maize and wheat GDD calculations.
For example, CERES measures GDD using a base temperature of 1 °C for wheat and
8 °C for maize.) US wheat consists of both winter and spring varieties: winter wheat
is planted in autumn and harvested in spring, and spring wheat is planted in spring
and harvested in summer. (US wheat is dominated by the winter variety, accounting
for approximately two-thirds of total production.)
We characterize wheat management and technological trends through additive
changes in planting date and multiplicative changes (scale factors) in growth
parameters p1 (ﬂowering to terminal spikelet), p2 (terminal spikelet to end of leaf
growth), p3 (end of leaf growth to end of spike growth) and p5 (grain ﬁlling
duration). Decreases in p1, p2 and p3 follow decreases in p1 for maize, but wheat
planting dates trend later in the season and changes in grain ﬁlling duration vary by
region (Supplementary Fig. 11). We constrain 2035 winter wheat planting dates to
occur no later than November 15, and constrain slopes of growth parameter scale
factors to ±1% per year. These conditions are constraining only for select
outlier locations.
Note that trends for wheat are largely driven by considerations for other crops.
For example, where wheat is grown in a rotation with maize, trends toward
longer-season maize will drive later wheat planting. In fact, using trends of the
parameters as shown in Supplementary Fig. 11 actually leads to a slight overall
reduction in simulated yields by 2035, relative to 2012 technology (Fig. 2).
Empirical model. We develop a simple empirical model to validate and evaluate
results from pDSSAT simulations. We estimate maize yields using productionweighted national maximum temperature and precipitation, averaged over June, July
and August (JJA). We follow common practice6,15,16 and deﬁne a functional form
based on both linear and quadratic terms of temperature and precipitation variables
(equation 3). We calibrate model parameters by linearly regressing temperature and
precipitation predictor variables on detrended national NASS survey yields47 for
1970–1999. We exclude from this regression year 1993, when anomalously high
rainfall (Fig. 1) led to crop failure. To test the empirical model, we then extrapolate to
2012 and compare against observed yields. We develop this empirical approach for
exploratory purposes only; we do not make recommendations about the best
predictor variables to estimate yields, nor compare the usefulness of empirical versus
process methods for agricultural assessments. For these reasons, we model maize
yields only, the most sensitive of analysed crops to changes in weather:
Y = a1 + a2 P + a3 T + a4 P 2 + a5 T 2

(3)

where t indicates day of the growing season, n = 0 the start date of the GDD
calculation, and T minimum/maximum/baseline daily temperature
(in degrees centigrade).
We characterize historical maize development through two parameters:
p1 (GDD from emergence to ﬂowering) and p5 (GDD from silking to maturity). The
results from the pDSSAT model calibrations indicate an increase in historical p5 in
nearly all US maize-growing regions (Supplementary Fig. 9, top right), extending the
grain ﬁlling period of maize growth and thus increasing yields. Earlier planting dates
(Supplementary Fig. 9, top left) offset this longer grain ﬁlling period, allowing for
relatively constant harvest dates that are important for economic proﬁtability44.
We extrapolate historical trends in planting dates and crop development indices,
p1 and p5, to estimate future maize management and technology (Supplementary
Fig. 9, bottom). We constrain planting date slopes to be zero or negative, and 2035
planting to occur no earlier than March 1. We ﬁnally restrict 2035 estimates of p1 to
80–500 GDD, and p5 to 500–1,500 GDD.

where Y is annual US maize yield, ai values are coefﬁcients calibrated during
1970–1999, and P and T are production-weighted JJA (June, July, August) average
precipitation and temperature, respectively.
Production-weighted JJA precipitation and maximum temperature can reliably
estimate interannual changes in yield (Supplementary Fig. 3). The empirical model
correctly identiﬁes drought-induced yield loss in 1983, 1988 and 2012, but
consistently underestimates the magnitude of loss. As expected, the empirical model
fails to identify yield loss in 1974 and 1993, when early season frost and ﬂooding/late
planting (respectively) lowered yields48,49. The empirical model does not consider
these effects. For in-sample years, the fraction of NASS variability that can be
described by the PGF empirical model (R 2) is only ∼0.35, but rises to ∼0.73 when
excluding years 1974 and 1993. For out-of-sample years, R 2 is ∼0.84.
We detrend both NASS and pDSSAT simulations in Supplementary Fig. 3 to
evaluate empirical simulations. For NASS yields, we detrend using a trendline for
years 1970–1999 (extrapolated to 2012) to both retain consistency with the empirical
simulation extrapolation and to avoid effects from using an extreme 2012 endpoint.
Similarly, for pDSSAT yields, we detrend using a trendline for 1980–1999
(extrapolated to 2012). Because yield anomalies can be sensitive to detrending
methodology, we recommend comparing yields with trends, as shown in
Supplementary Fig. 8 (top) for NASS and pDSSAT simulations.

Soy. Changes in temperature have also signiﬁcantly impacted historical soy yields45.
For maize, crop development is well-deﬁned by GDD metrics. For soy, however,
crop development is also strongly linked to day length46: CROPGRO-Soybean
speciﬁes crop development by photothermal indices, a combination of cumulated
temperature and day length. Crop cultivars are then classiﬁed into 13 maturity

Vulnerability index. Consecutive droughts such as what occurred in the 1930s may
have long-term effects on US farmers and the larger agrosystem. We deﬁne a
land-use change vulnerability index to evaluate the extent to which sustained yield
loss from several near-consecutive droughts could initiate lasting changes in farming
practices. We consider a 5-year rolling average of rain-fed yields at each location, and

t
i,n
i,n

Tmin
+ Tmax
− Tbase
cumulated GDDi,t =
2
n=0

4

(2)
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deﬁne vulnerable as any area where the 5-year mean falls below some threshold,
deﬁned here as between 40 and 60% of typical rain-fed yields (that is, where average
losses exceed 40–60%). (In reality, many factors—including local conditions, debt
burden, government programmes and insurance levels—could impact the actual
vulnerability threshold, and vulnerability would likely vary by farm, even within the
same county.) For this exercise we focus on the 5-year mean simulated yields from
the peak of the 1930s droughts in years 1933–1937, and compare to median
simulated yields from the 2000s climate.
We estimate vulnerability under two scenarios: using 1930s weather and 2012
technology and CO2 , and using 1930s + ΔT3 weather and 2035 technology and CO2.
We assume that yields <1 tonne ha–1 are left unharvested (failed crop), although this
has only small impact on vulnerability calculations. We develop a 40–60%
vulnerability threshold through expert solicitation, but do not consider it a deﬁnitive
breaking point for local agriculture. Instead, we use the vulnerability index as a
means to evaluate sensitivities in the agricultural system that may be exposed by
persistent drought conditions (Supplementary Fig. 6).
Irrigation is often considered a natural response to dry conditions, so we evaluate
vulnerabilities alongside potential changes to irrigation demand (Supplementary Fig. 7).
Low precipitation in drought conditions means irrigated ﬁelds require additional water,
and this additional demand could affect opportunities to convert ﬁelds from rain-fed to
irrigated during vulnerable years. We simulate irrigated yields using 1930s and 2000s
weather (without warming) and 2012 technology and CO2 , and calculate changes in
irrigation demand from the 2000s median to the 1933–1937 mean. We calculate water
demand changes for currently irrigated maize and soy ﬁelds only. We do not estimate
changes in irrigation demand if currently rain-fed ﬁelds are suddenly irrigated.
Temperature and precipitation sensitivity analysis. In addition to the 1930s yield
simulations described in the sections above, we adjust temperature and precipitation
inputs separately to isolate the effects of each on simulated yields. We drive maize
simulations using 2012 technology and with a variety of climate combinations: we
use 2002 as the baseline weather (the median yielding year from the PGF simulations
in the 2000s) and shift temperatures uniformly from −1 to 7 °C (in single degree
intervals) and precipitation from −50 to +50% (in 10% intervals). Results for the
99 simulations (9 temperature × 11 precipitation) are shown in Fig. 3. Although we
adjust temperature and precipitation drivers separately in this analysis, it should be
noted that temperature and precipitation are correlated, and precipitation is shown
to signiﬁcantly affect temperature in drought conditions50.
The estimated yields under extreme drought in Fig. 2 and those represented in
Fig. 3 are similar despite signiﬁcant differences in simulation methodology. We
mark Fig. 3 with dots for 2002 and 1936 JJA temperature and precipitation
anomalies, with and without ΔT1−3 shifts in temperature (as deﬁned in
Supplementary Table 1). For simulations in Fig. 3, we adjust both temperature and
precipitation using shifts that are homogeneous in space and time. For simulations
in the remainder of the manuscript, we adjust temperature using shifts from GCM
output that are heterogeneous in space and time, and use precipitation observations
directly from the 1930s droughts. Unprecedented yield losses are robust to the
different methodologies for estimating extremes.
To provide some context for the T–P dimensions in Fig. 3, we add histograms for
historical and near-future temperature and precipitation extracted from the
Community Earth System Model (CESM) Large Ensemble (LENS) Project51. For the
historical period, the LENS ensemble includes 30 simulations (differing only by
initial conditions) from 1920–2005, and we use the full sample (2,580 total years,
labelled ‘historical’ in Fig. 3). For the near-future period, the LENS ensemble includes
30 simulations from 2006–2100 using Representative Concentration Pathway 8.5,
and we use years in the middle third of the simulations (950 total years, labelled
‘near-future’ in Fig. 3). (Near-future histograms therefore nominally represent years
2037–2068, following methodology from the 1930s + ΔT3 simulations.) Here,
simulations are global and use a 1 degree spatial resolution version of the fully
coupled CESM1(CAM5) model.
Causes of the Dust Bowl. We provide a brief review of potential causes of the Dust
Bowl. Many hypotheses exist that attribute the Dust Bowl to different physical and
human drivers, and here we only describe select examples. (For more thorough
review, see ref. 11.)
Historically, changes in tropical Paciﬁc sea surface temperatures (SSTs) can
explain most prolonged dry episodes in the Great Plaines and Southwest US over the
historical period52. In the 1930s, cool tropical Paciﬁc SSTs (caused by a La Niña
event in the early 1930s) and warm North Atlantic SSTs initiated dry conditions in
the western United States53. However, SST drivers alone cannot fully explain the
extent and location of 1930s precipitation reductions54,55.
Recent work suggests that feedback from dust storms and crop failures also helps
explain the hot and dry climate that characterized the Dust Bowl years. From 1870 to
the early 1930s, US settlers converted ∼30% of the Great Plains from (drought- and
erosion-resistant) grasslands to row crops, including drought-sensitive wheat56.
To make matters worse, the Homestead Act created a landscape of small acreage
farms that left little incentive for farmers to practice sustainable erosion control and
soil conservation8. Both factors led to widespread dust storms, giving the era its
well-recognized name. From a physical standpoint, atmospheric dust accumulation
obstructed local incoming shortwave radiation, resulting in subsidence and adiabatic
heating (for thermodynamic equilibrium). Subsidence, in turn, inhibited convection

and reduced precipitation25,26,55. Reduced precipitation (alongside poor soil
management) led to crop failure. Finally, crop failure hindered the transport of soil
moisture to the atmosphere by means of evapotranspiration and resulted in
heightened surface temperatures. Only climate model simulations that include both
dust and crop abnormalities, in addition to unique SST patterns, are able to
reproduce Dust Bowl conditions26. Simulations that do not include dust
abnormalities are unable to reproduce precipitation observations, and simulations
that do not include crop failure are unable to reproduce temperature observations25.
Data availability. The data that support the ﬁndings of this study are available from
the corresponding author on request.
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