
Hail Risk and Cropland Exposure Changes in the United States

LOGAN R. BUNDY ,a WALKER S. ASHLEY,a ALEX M. HABERLIE,a STEPHEN M. STRADER,b VITTORIO A. GENSINI,a

ALLISON C. MICHAELIS,c MARGO S. ANDREWS,a AND EVELYNN MANTIAa

a Department of Earth, Atmosphere, and Environment, Northern Illinois University, DeKalb, Illinois
b Department of Geography and the Environment, Villanova University, Villanova, Pennsylvania

c Department of Marine, Earth, and Atmospheric Science, North Carolina State University, Raleigh, North Carolina

(Manuscript received 15 October 2025, in final form 13 July 2026, accepted 24 July 2026)

ABSTRACT: The U.S. agricultural landscape is ever-evolving, with uncertainty in future losses driven by cropland expo-
sure interacting with a changing weather and climate risk landscape. Among these weather hazards is hail}currently the
third-costliest peril affecting crop production in the United States. This research employs a combination of historical and
future projection cropland layers, observed severe hail reports, crop-hail insurance data, and output from convection-
permitting climate simulations to demonstrate the interrelationship between changing cropland exposure and hail risk dur-
ing the twenty-first century. Impacts of weather hazards on buildings, infrastructure, and other societal assets are driven by
an expanding exposure footprint, and agricultural systems may follow similar trends in some U.S. regions. Results from a
Monte Carlo simulation reveal that, while Midwest cropland is most exposed to hail, the Great Plains contain the highest
vulnerability based on the collocation of an extensive hail footprint during the summer growing season and the expansion
of cropland. Despite projected decreases in severe hail days in the Great Plains, the increase in regional cropland exposure
illustrates the “expanding bull’s-eye effect” concept within the context of agriculture, highlighting that disaster potential
(i.e., major crop yield loss) is not solely determined by the total area of cropland; rather, it is how croplands are distributed
across the landscape that defines how risk and vulnerability are realized in a major crop loss scenario. Results from this re-
search may inform data-driven decision-making efforts and risk communication across the agricultural community, includ-
ing stakeholders in crop insurance, sustainability, and other pursuits in regional climatology.

SIGNIFICANCE STATEMENT: The purpose of this study is to understand how the crop-hail risk landscape may
change through the twenty-first century. The agricultural landscape continuously evolves, with increasing uncertainty in
future losses driven by cropland exposure interacting with a changing weather and climate risk landscape. Results indi-
cate regional variation, as the Great Plains face the greatest exposure-driven risk, reflecting the “expanding bull’s-eye
effect” in an agricultural context. Meanwhile, the Midwest and South may undergo hazard-driven loss increases despite
negligible change in cropland extent. These findings highlight the need for proactive, regionally tailored adaptation
strategies, offering a novel basis for understanding future crop-hail risk.
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1. Introduction and background

Since the mid-nineteenth century, agricultural land cover
across the United States has expanded nearly fivefold (Yu
and Lu 2018), with substantial growth in areas with erosive
soils, poor drainage, nutrient deficiencies, and climatic stress
(Lark et al. 2015, 2020). In recent decades, much of the expan-
sion has been focused across the Great Plains (Lark et al. 2015,
2020), driven by land conversion due to changes in agricultural
practices, including grassland-to-cropland conversion, crop ro-
tation, and the expansion of row crop production (Ramankutty
and Foley 1999a,b; Lark et al. 2015; Wimberly et al. 2017; Lark
et al. 2019, 2020). Today’s cropland expansion is directly associ-
ated with heightened crop demand due to global population

growth, increases in biofuel production, and changes in human
dietary trends (Cassidy et al. 2013), which encourages the con-
version of remaining natural landscapes to agricultural land
(West et al. 2010; Johnson et al. 2014). Agriculture is increas-
ingly shaped not only by biophysical stressors but also by socie-
tal and economic vulnerabilities. Therefore, expanding cropland
into hazard-prone regions amplifies exposure to weather extremes
for producers, insurers, and rural communities (Bolster et al.
2023).

Hail risk in the United States has been widely studied from
both climatological (Cintineo et al. 2012; Tang et al. 2019)
and agricultural perspectives (Changnon et al. 2009; Reyes
and Elias 2019; Bundy et al. 2022). Hail represents a particu-
larly acute peril, with impacts that extend beyond physical
crop damage. Severe hail can bruise grain and fruit, damage
stems, cause leaf defoliation, reduce kernel or pod quality,
and introduce disease pathways, thereby affecting crop yields
(Vorst 1993; Changnon et al. 2009; Klein and Shapiro 2011;
Battaglia et al. 2019; Lindsey et al. 2024; Lisboa et al. 2024).
These direct crop impacts can cascade through agricultural
systems by decreasing marketability, altering commodity
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pricing, and creating financial strain on crop producers and
rural economies where agriculture represents a dominant sec-
tor (Bolster et al. 2023). Financially, hail losses are absorbed
both privately and publicly, with insured crop losses due to
hail summing to over 800 million USD annually [Changnon
et al. 2009; adjusted to 2023 consumer price index (CPI)].
Hail poses a unique challenge for agricultural systems because
the occurrence, location, and severity of hail are difficult to
forecast with enough lead time to implement effective mitiga-
tion measures across farming operations, leaving crops vul-
nerable to rapid and extensive loss (Changnon et al. 2001).
The extent of crop damage depends not only on hailstone
size, hailstone quantity, and associated winds from a severe
thunderstorm (Changnon 1999; Changnon et al. 2009) but
also on crop type, hybrid, and phenological stage (Lindsey
et al. 2024). Therefore, the sudden onset of hail, coupled with
increasing spatial overlap of cropland and hail-prone regions,
underscores the societal importance of anticipating how these
risks evolve.

Escalating losses and disasters are a function of climatological
risk}the probability of a weather- or climate-related hazard oc-
curring in space and time, the exposure of goods and people to a
specific hazard, and the vulnerability of exposed people, infra-
structure, and the environment (IPCC 2014). Moreover, previous
research has argued that increasing human exposure contributes
more to resulting property damage totals than increases in the
frequency and severity of natural hazards (Changnon et al. 1997;
Janković and Schultz 2017; Rosencrants and Ashley 2015;
Strader et al. 2024). The “expanding bull’s-eye effect” concept,
developed to describe how increasing human exposure in the
path of a hazard increases the severity of loss (Ashley et al. 2014;
Rosencrants and Ashley 2015; Ashley and Strader 2016;
Freeman and Ashley 2017; Strader 2018; Strader et al. 2015a,b,
2017a,b, 2018, 2024), provides a useful framework for under-
standing hail risk and agriculture. This concept has been applied
indirectly to agriculture (e.g., Lobell et al. 2014; Li et al. 2019;
Bundy et al. 2022, 2024, 2026), but these indirect applications of
the expanding bull’s-eye effect concept fall short in quantify-
ing the exposure factor}the underlying cropland surface}as
a potential driver of agricultural loss.

This study investigates the question: How may the crop-hail
risk landscape change? To thoroughly answer this question, the
objectives of this research are to 1) quantify future-projected
cropland changes, 2) spatially demonstrate historical and future
cropland exposure risk to hail for key U.S. agricultural regions,
and 3) further the understanding of hail in future climates jux-
taposed with future cropland exposure. This research is novel
in that it is the first to directly use the expanding bull’s-eye ef-
fect concept to understand the impact of cropland exposure
when assessing hail risk. Additionally, this study is the first to
examine future cropland coverage scenarios combined with
future-projected severe hail days during the mid- and end-
of-twenty-first century. The results provide decision-relevant
insights for crop producers, insurers, and policymakers, as un-
derstanding how projected cropland changes intersect with fu-
ture hail risk is critical for guiding adaptation strategies,
structuring insurance programs, and sustaining agricultural re-
silience against extreme weather perils.

2. Data and methods

a. Data background and collection

1) USGS LAND-COVER DATA

Three U.S. Geological Survey (USGS) land-cover datasets
were used: modeled historical land cover (1938–92; Sohl et al.
2018a), historical baseline land cover (1992–2005; Sohl et al.
2018b), and land-cover projections (2006–2100; Sohl et al. 2018b).
All data provide a cropland class at 250-m resolution for the
conterminous United States (CONUS). The Forecasting Sce-
narios of Land-Use Change (FORE-SCE) model was em-
ployed to generate the modeled historical land-cover dataset,
which uses USDA Land Cover Trends data, USDA Census of
Agriculture data, and a series of theoretical, statistical, and de-
terministic modeling techniques to estimate land cover (Sohl
et al. 2007, 2012, 2014). Like the modeled historical land-use/
land-cover (LULC) data, projected LULC data were developed
using the FORE-SCE, corresponding to the four major sce-
nario storylines from the Intergovernmental Panel on Cli-
mate Change (IPCC) Special Report on Emissions Scenarios
(SRES): A1B, A2, B1, and B2. The four major scenarios fo-
cused on socioeconomic impacts on anthropogenic land use,
with distinctly different directions for future developments
(Nakicenovic et al. 2000):

• A1B: Scenario promotes rapid economic growth, with global
population peaking during the midcentury, but a decline in
population during the remainder of the twenty-first century.
More efficient technologies are introduced along with a bal-
ance between fossil-intensive and nonfossil energy sources.
The underlying themes consist of convergence among regions,
capacity building, increased cultural and social interactions,
and a reduction in regional differences in per capita income.

• A2: The underlying theme of this scenario is self-reliance and
the preservation of local identities in a very heterogeneous
world. Fertility patterns converge slowly across regions, result-
ing in a continuously increasing population. Also, economic
development is primarily regionally oriented, and per capita
growth and technological changes are slower than in other
scenarios.

• B1: Scenario demonstrates a convergent world with a steady
global population that peaks in midcentury but declines there-
after. There are rapid changes in economic structures toward
a service and information economy. A reduction in material
intensity is introduced along with the use of clean and effi-
cient technologies. The emphasis is on global sustainability
solutions but without additional climate initiatives.

• B2: The emphasis is on local solutions to economic, social,
and environmental sustainability, alongside a continuously
increasing global population, but at a rate lower than the
A2 scenario. There are intermediate levels of economic de-
velopment with less rapid but more diverse technological
changes than in the B1 and A1B scenarios. This scenario is
oriented toward environmental protection and social equity
at local and regional levels.

SRES scenarios differ in two primary dimensions: economic
development (A1B and A2) or environmental concern (B1 and
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B2) and either global (A1B and B1) or regional development
patterns (A2 and B2). Therefore, each category can be re-
ferred to as global economic (A1B), local economic (A2),
global environmental (B1), and local environmental (B2) sce-
narios. Historical cropland layers were collected for 1950 and
2005 and projections for 2055 and 2100, aligning with hail sim-
ulation periods (described below).

2) USDANASS DATA

County-level yield, planted, and harvested acreage data from
the USDA National Agricultural Statistics Service (NASS)
QuickStats database (1990–2020) were used to provide context
for regional crop selections. Corn, cotton, sorghum, soybeans,
and wheat were selected due to their dominance in U.S. produc-
tion (;90% of national production in 2023; NASS 2024) and
represent recent Great Plains cropland expansion (Lark et al.
2015). These data were not directly integrated into the modeling
but informed discussion of cropland exposure and phenological
vulnerability.

3) USDARMA INSURANCE DATA

Monthly, county-level crop insurance data from the USDA
Risk Management Agency (RMA) Summary of Business and
Cause of Loss database (1990–2020) were analyzed for May–
October. Corn, cotton, sorghum, soybeans, and wheat were used
from this dataset to remain consistent with the NASS yield,
planting, and harvesting data. Due to interannual changes in
commodity prices, inflation, insurance coverage, RMA program
policies, and socioeconomic conditions, crop indemnities are not
comparable across growing seasons without standardizing the
data (Changnon and Hewings 2001; Barthel and Neumayer
2012). Payment indemnity and liability data were inflation-
adjusted to 2023 USD and detrended to remove long-term trends,
thereby improving the isolation of weather-related impacts on ag-
riculture. Additionally, the loss cost (indemnity/liability 3 100)
was calculated (Changnon 1972), which is a normalized ratio that
accounts for the value of products (Reyes and Elias 2019) and has
been extensively used in agricultural research (e.g., Coble and
Barnett 2013; Reyes and Elias 2019; Perry et al. 2020; Reyes et al.
2020).

4) NOAA SPC SVRGIS DATA

Historical hail risk, or the hail climatology, was quantified
using the spatial and temporal attributes of severe hail reports
[Storm Prediction Center (SPC) 2024]. A severe hail day was
defined as at least one severe hail report ($1.0 in.; 2.54-cm di-
ameter) day21 within an 80-km grid, following SPC’s severe
storm verification process (Gensini et al. 2020). Gridded hail
days within the growing season were then aggregated to the
county level to align with crop-hail RMA insurance data.
While hailstones that are ,1.0 in. (,2.54 cm) in diameter can
be damaging to crops (Changnon 1999; Changnon et al. 2001),
severe hail days were used as opposed to all hail days because
of the insufficient record of smaller hail sizes, which holds true
even across radar-derived hail datasets (e.g., Cecil and Blan-
kenship 2012; Murillo et al. 2021) and high-resolution, regional
climate simulations (Gensini et al. 2024). Hail observations also

present challenges, as the Severe Weather GIS (SVRGIS) data-
set reflects known reporting biases (Allen and Tippett 2015). By
focusing on severe hail days aggregated to an 80-km grid, the
analysis minimizes these nonmeteorological uncertainties and
emphasizes events most likely to generate extensive agricultural
loss, making the results conservative but highly relevant for deci-
sion-making.

5) WRF-BCC REGIONAL CLIMATE MODEL DATA

Dynamically downscaled convection-permitting Weather
Research and Forecasting (WRF) Model simulations, config-
ured by the bias-corrected Community Earth System Model
(WRF-BCC; Gensini et al. 2023), were used to estimate the
severe hail climatology for a historical period (HIST; 1990–
2005), midcentury period (MID; 2040–55), and end-of-century
period (END; 2085–2100). Here, dynamical downscaling in-
volves using coarse-resolution climate model output to provide
initial and lateral boundary conditions for convection-permitting
simulations. These higher-resolution simulations explicitly cap-
ture meso-g processes associated with hailstorms (Gensini et al.
2024), and the use of dynamical downscaling has been widely ap-
plied to evaluate both historical and future changes in convective
storm populations (Trapp et al. 2011; Robinson et al. 2013; Gen-
sini and Mote 2014, 2015; Hoogewind et al. 2017; Liu et al. 2017;
Prein et al. 2017; Trapp et al. 2019; Haberlie et al. 2022; Ashley
et al. 2023). A horizontal grid spacing of 3.75 km permitted
the simulations to explicitly (without a convective parameteri-
zation scheme) simulate the deep, moist convection responsi-
ble for hail production (Weisman et al. 1997; Kendon et al.
2021) and permits the formation of individual hailstorms
(Ashley et al. 2023; Gensini et al. 2024). Hail size and fre-
quency from WRF-BCC are directly represented through an
inline spectral bulk microphysics scheme, allowing for physi-
cally consistent estimation of hail characteristics across histor-
ical and future climates (Gensini et al. 2024). Importantly, this
approach realistically captures the spatial and seasonal clima-
tology of severe convective environments across the United
States (Ashley et al. 2023; Haberlie et al. 2024; Gensini et al.
2024).

WRF-BCC simulations were conducted using representa-
tive concentration pathways (RCPs) 4.5 and 8.5, consistent
with forcing scenarios used in the IPCC Fifth Assessment Re-
port (IPCC 2014). RCP4.5 represents an intermediate stabili-
zation pathway in which radiative forcing levels off by 2100
without overshoot (Thomson et al. 2011), whereas RCP8.5 re-
flects a higher-emission pathway characterized by substan-
tially greater radiative forcing (Riahi et al. 2011). Although
RCP8.5 is considered improbable, it is still widely used in cli-
mate impact studies to represent an upper-bound scenario
and to facilitate comparison with the extensive CMIP5-based
literature (Hausfather and Peters 2020; Schwalm et al. 2020).
Herein, the five sets of simulations, each spanning 15 hydro-
logic years (1 October–30 September), will be referred to as
HIST, MID4.5, MID8.5, END4.5, and END8.5, consistent
with prior literature using WRF-BCC climate simulations
(e.g., Ashley et al. 2023; Zeeb et al. 2024; Gensini et al. 2024;
Haberlie et al. 2024; Stinnett et al. 2024; Kaminski et al. 2025;
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Wallace et al. 2025). Further details on WRF-BCC model
configuration are provided in Gensini et al. (2023).

Analyses herein used the daily maximum value of the hail_
maxk1 variable}the maximum diameter of graupel/hail diag-
nosed in the Thompsonmicrophysics scheme (Thompson et al.
2008) at the model level closest to the surface. WRF-BCC
analyses will focus on hail $ 1.25 in. (3.15 cm) in diameter.
The 1.25-in. threshold is consistent with prior literature’s se-
lection for severe hail following an analysis of WRF-BCC
hail_maxk1 compared to the SVRGIS and GridRad datasets
(Gensini et al. 2024). Here, a severe hail day is defined as at
least one instance per day of the hail_maxk1 variable meeting
or exceeding the 1.25-in. threshold at a grid point (Allen and
Tippett 2015; Trapp et al. 2019). A comparison of WRF-BCC
and SVRGIS growing-season severe hail days on similar,
roughly 80-km grids reveals that WRF-BCC simulations suc-
cessfully reproduce the number of observed severe hail days,
but they do exhibit a westward spatial bias in the location of
maximum severe hail days as well as a low bias east of the
Mississippi River (Fig. 1 in the online supplemental material).

b. Methods

1) CLIMATOLOGY

For crop production or yield loss to occur due to hail, an ex-
plicit hail risk must be present at the given location. Thus, to
thoroughly assess the expanding bull’s-eye effect}where in-
creasing exposure (e.g., cropland expansion) amplifies impacts
through greater overlap with hazardous events}within an agri-
cultural context, a general crop-hail climatology (1990–2020)
needs to be established to understand baseline risk. Therefore,
within agriculture, the expanding bull’s-eye effect is only rele-
vant in regions where cropland exposure spatially overlaps
with an existing climatological hazard risk. For the crop-hail
climatology, SVRGIS severe hail data were used to calculate
the mean number of severe hail days in each boreal summer

growing season (May–October) at the county level over the
1990–2020 period. The number of severe hail days for each
growing season was also compared with the 1990–2020 mean of
the U.S. east of the Continental Divide to determine the per-
centage of growing seasons with severe hail days above this
threshold. RMA crop-hail insurance data were used as a sup-
plement to the SVRGIS to define the agricultural regions of in-
terest for crop-hail loss. Multiple RMA crop-hail insurance
data metrics were computed for May–October during each
year in the 1990–2020 period, including the 1) CPI-adjusted
(2023 USD) mean payment indemnity for hail; 2) mean crop-
hail loss cost; 3) mean percentage of insured crop acres that are
damaged by hail in the growing season; and 4) the fraction of
crop-hail loss out of all the RMA weather- and climate-related
hazards (drought, excessive moisture, flood, freeze, frost, hot
wind, excessive wind, heat, tornado, cold wet weather).

Modeled historical cropland, historical baseline cropland,
and projected cropland data were used to compute changes
(deltas) in cropland coverage within each county. First, the
percentage of each county occupied by cropland was calcu-
lated. Then, changes were computed between 2005 and 1950,
2055 and 2005, and 2100 and 2005. Understanding the pro-
jected changes in cropland coverage with the updated crop-
hail climatology helped define critical regions of interest for
the following analyses.

2) HAIL IMPACT MONTE CARLO

The Hail Impact Monte Carlo (HailMC) model (Childs
et al. 2020), adapted from Tornado Impact Monte Carlo
(TorMC) (Strader et al. 2016), was used to investigate the sta-
tistical probabilities of hail impacting cropland under each fu-
ture scenario. Previous literature used the TorMC to quantify
the impacts of population and tornadoes on the human and
built environment, and the model proved to be valuable in as-
sessing the potential future changes in population exposure to
tornadoes across the CONUS (Strader et al. 2016, 2017a,b).
Indeed, infrastructure risk is different from assessing cropland
risk, as the latter fluctuates depending on phenological stage
timing, while the former remains relatively constant through
the year. Still, using HailMC is appropriate when analyzing
crop-hail impacts, provided that the timing of crop risk is
thoroughly recognized and supplemented with phenological
context. The HailMC model ingests historical hail swath data
from the SVRGIS database that consists of the initial and end
points of a hail swath. The model also ingests a controlled
weighting surface that represents the spatial probability of se-
vere hail occurrences over the growing season based on the
historical distribution of reports over the 1990–2020 control
period for each region of interest. A cost surface raster (crop-
land) is also used in the model as the exposure layer. The
HailMC model simulated 5000 years}representing a balance
of computational efficiency with distributional smoothness in
modeled output}for four equal-area regions: northern Great
Plains, southern Great Plains, Midwest, and South (Fig. 1).
Exposure statistics were computed by using simulated hail
swaths to understand the statistical probability of exceedance
(POE) of annual cropland area impacted by hail swaths in

FIG. 1. Study domain with four equal-area study regions east of
the U.S. Continental Divide. Cropland presence (cropland vs non-
cropland) from the A2 2100 scenario is displayed in orange at
250-m resolution.
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each study region, cropland area impacted per hail swath, and
the percentage of each hail swath that is cropland.

3) FUTURE EXPOSURE AND RISK

The final part of the analysis used WRF-BCC future hail
projection data to calculate the mean number of severe hail
days over 14 complete boreal summer growing seasons (May–
October) in the HIST, MID, and END periods. To quantify
the projected changes in hail risk, severe hail day changes were
calculated between the HIST and MID periods and the HIST
and END periods using both RCPs. All changes were calcu-
lated on a 103 coarsened grid and aggregated to the county
level. Statistically significant differences between HIST and the
four future periods were assessed using a Mann–Whitney U test
at the 95% significance level (p value, 0.05). Finally, to visual-
ize changes in both risk and exposure (severe hail days and
cropland), a bivariate analysis of the percent changes in crop-
land area and percent changes in severe hail days was per-
formed to determine whether there were any coherent trends
in risk and exposure by region. Bivariate plots were created by
pairing county-level severe hail day percent changes for MID
and END with cropland percent changes for each SRES sce-
nario, respectively. Here, positive percent changes in cropland
area and severe hail days refer to changes . 20%, negative
changes in both variables refer to changes , 220%, and small
changes refer to differences in either variable between 220%
and 20%. The use of slightly higher or lower thresholds did not
notably impact the results.

4) LIMITATIONS AND CONSIDERATIONS

This study employs a novel framework that integrates dy-
namically downscaled, convection-permitting regional climate
simulations with spatially explicit cropland projections to as-
sess the future risk landscape of crop-hail impacts. While this
approach enables a more comprehensive evaluation of agri-
cultural exposure to severe hail, several considerations should
be noted when interpreting the results.

First, IPCC climate forcing scenarios (RCPs) are combined
with IPCC land-use scenarios (SRES), which originate from
different modeling frameworks. Although the SRES scenarios
have been superseded by more recent IPCC frameworks, the
FORE-SCE datasets used here remain among the few spatially
explicit, high-resolution, long-term land-use datasets available
for the CONUS and continue to be widely applied in land-use
change studies (e.g., Flanagan et al. 2021; Montefiore et al.
2023; Jain et al. 2025). As such, they provide a valuable re-
source for assessing plausible changes in cropland exposure
over time, incorporating both socioeconomic drivers of de-
mand and biophysical characteristics to determine land-use
suitability (Jain et al. 2025). However, the socioeconomic as-
sumptions underlying SRES scenarios may not fully reflect
current or emerging policy, technological, and demographic
trajectories, and regional land-use outcomes may differ under
newer frameworks.

Importantly, the use of SRES and RCP scenarios in parallel
is intentional. Cropland projections derived from SRES sce-
narios (A1B, A2, B1, and B2) are applied independently of

the climate forcing scenarios (RCP4.5 and RCP8.5) used to as-
sess severe hail. This approach isolates the influence of land-use
change (cropland exposure) from changes in the hazard (hail
risk) itself, providing a sensitivity-based framework to evaluate
their relative contributions to agricultural impacts. While these
scenario families are not directly coupled, approximate corre-
spondences exist (e.g., RCP4.5 with SRES B1, RCP6.0 with
A1B, and RCP8.5 with A2; Moss et al. 2010; IPCC 2014; van
Vuuren and Carter 2014; Jones and O’Neill 2016; Abram et al.
2019). Using both frameworks in parallel ensures a wide sam-
pling of plausible socioeconomic and climate futures, making
the findings more robust rather than less, as demonstrated
with prior research (e.g., Kloster et al. 2012; Sohl et al. 2019;
Montefiore et al. 2023; Gaines et al. 2024). Notably, scenarios
most consistent with current policy trajectories are best ap-
proximated by intermediate pathways, approximated here by
RCP4.5 to RCP6.0 and most closely aligned with the A1B
storyline. While B2 may also capture aspects of regionally ori-
ented development, B1 likely represents a more optimistic
sustainability pathway, whereas A2 and RCP8.5 are better in-
terpreted as upper-bound scenarios rather than the most
likely policy outcome (Climate Action Tracker 2025).

The use of RCP scenarios is also consistent with the WRF-
BCC modeling framework employed herein. These simula-
tions were developed and initialized using CMIP5 and were
not designed to incorporate the newer shared socioeconomic
pathway (SSP) framework (Gensini et al. 2023). While SSPs
integrate socioeconomic development with emission trajecto-
ries, RCPs describe greenhouse gas concentrations and associ-
ated radiative forcing (Moss et al. 2010; Riahi et al. 2017;
Meinshausen et al. 2020). Comparisons between CMIP5 RCP
scenarios and their CMIP6 SSP counterparts (e.g., RCP4.5 vs
SSP2-4.5 and RCP8.5 vs SSP5-8.5) indicate broadly similar cli-
mate responses, particularly through the midtwenty-first century
(Abram et al. 2019; Tebaldi et al. 2021). Thus, the continued
use of RCPs remains appropriate for regional climate impact
analyses and facilitates comparison with the extensive CMIP5-
based literature.

Additional considerations relate to the representation of
agricultural systems. The cropland projection datasets used
here do not distinguish between individual crop types, limiting
the ability to assess commodity-specific hail impacts. However,
total cropland extent captures the dominant spatial signal of ag-
ricultural exposure and provides a robust estimate of where se-
vere hail intersects with cultivated land. Furthermore, this study
does not explicitly account for crop phenology. As a result, the
findings represent aggregate exposure-based risk rather than
crop-specific damage potential. However, crop phenology and
development timing will be discussed throughout.

Taken together, these considerations do not detract from the
core findings but instead provide important context for their in-
terpretation. Rather than precise forecasts, the results should
be viewed as scenario-based assessments of how evolving
land-use patterns and climate conditions may interact to
shape future agricultural hail risk. This framework establishes
a foundation for future work that could incorporate crop-
specific distributions, phenological timing, and next-generation
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scenario datasets to further refine estimates of climate-related
agricultural impacts.

3. Results and discussion

a. Crop-hail risk

Results here reaffirm that the Great Plains (northern and
southern plains combined; Fig. 1) is the most at risk for crop-
hail damage and associated production loss (Fig. 2; Table 1).
Major crops in this high-risk region include corn, cotton, sor-
ghum, soybean, and wheat (supplemental Fig. 2), with other
minor-producing crops, consisting of barley, oats, rye, pea-
nuts, sunflowers, and millet, also exposed (NASS 2024).
During the May–October growing season, many counties in
Kansas, eastern Colorado, and western Nebraska average
over seven severe hail days, while most of the Great Plains ex-
perience at least three (Fig. 2a). From 1990 to 2020, 77% of
counties in the Great Plains recorded more severe hail days
than the eastern CONUS average (3 days) in 80% of growing
seasons (Fig. 2b).

Severe hail risk declines eastward into the Midwest and
South, where most counties experience one to three severe
hail days per growing season. Even with the relatively lower
hazard frequency compared to the Great Plains, these regions
still contain extensive areas of corn, cotton, soybean, and
wheat cultivation (supplemental Fig. 2), resulting in substan-
tial exposure and potential for impactful losses. Specialty
crops, particularly fruits and vegetables in the Midwest and
fruits, vegetables, and tobacco in the South, are also highly ex-
posed if unprotected (NASS 2024). Less than half of the
growing seasons in these regions exceeded the CONUS mean
of three severe hail days for most counties over the 1990–2020
period, underscoring the primary concentration of climatolog-
ical hail risk in the Great Plains. Seasonally, hail events peak
during May and June, with a gradual decline in both magni-
tude and frequency through July and onward (Cintineo et al.
2012; Allen et al. 2015). While risk remains elevated across
the Great Plains by September and October, it diminishes in
the Midwest and South by the late season, coinciding with the
primary harvest period.

In relating climatological hail risk to agricultural loss, crop-
hail insurance data highlight extensive vulnerability across the
western Great Plains (Figs. 2c–f), consistent with prior studies
(e.g., Reyes and Elias 2019; Reyes et al. 2020; Bundy et al.
2022). During the growing season, mean indemnity payouts
exceed $260,000 USD in more than two-thirds of the region,
with loss costs surpassing $2.50 per $100 of liability. Payments
in the Great Plains are at least 150% higher than in the Mid-
west or South, reflecting both elevated climatological risk
(Table 1) and broader insurance dynamics (Young et al. 2001;
Coble and Barnett 2013). In several western Great Plains
counties, at least 5% of insured acreage is damaged by hail,
with hail accounting for more than 40% of all weather-related
indemnities in the region per growing season.

Hail frequency and magnitude vary through the summer
growing season, with crop losses strongly dependent on phe-
nological timing (supplemental Fig. 3). Although May ranks

among the highest for severe hail occurrence (second only to
June), corn indemnities are generally lower in May across the
Great Plains and Midwest because most plants are still in the
emergence stage and can often recover from damage (Vorst
1993; Lindsey et al. 2024). The South is an exception, as corn
there is typically further along in the vegetative stage, making
recovery less likely and yield losses more severe. Once corn
reaches tasseling and silking, yield losses can approach 100%,
underscoring the crop’s heightened vulnerability even
when climatological hail risk declines later during the sum-
mer (Changnon et al. 2009). Vulnerability declines from
August through October as kernels mature, with decreasing
risk of yield loss and indemnities from hail (Battaglia et al.
2019).

Other crops contain similar stage-specific vulnerabilities.
Soybeans are most vulnerable in the late vegetative, flower-
ing, and pod-fill periods, typically July–August, when even
moderate hail can cause severe losses despite the lower clima-
tological frequency (supplemental Fig. 3; MacMillan 2023).
Cotton is most vulnerable during emergence and squaring
(May–June), coinciding with peak hail occurrence, but also
faces damage in the open boll stage in September–October,
especially throughout the southern plains and South (Yue
et al. 2019). Wheat losses mirror corn, with damage during
the milk and hard dough stages (May–July) causing major
yield reductions (Katz and Garcia 1981; Childs et al. 2020;
Lindsey et al. 2024). While the hail climatology does not al-
ways align with the most critical phenological stages, windows
of significant vulnerability exist for all major crops, underscor-
ing the importance of aligning coverage strategies with pheno-
logical risk windows rather than treating hail as a uniform
seasonal hazard.

b. Cropland exposure

Spatiotemporal changes in exposure have often been over-
looked as drivers of disaster risk (Bouwer 2011), and while
not completely analogous to potential changes in agricultural
exposure risk, recent work demonstrated that shifts in urban,
suburban, and exurban development have amplified disaster
potential (Ashley and Strader 2016). Historical cropland changes
are well documented (supplemental Fig. 4; Lark et al. 2015; Yu
and Lu 2018; Lark et al. 2020), but future agricultural land-
scapes remain uncertain and will be shaped by societal, envi-
ronmental, and economic trajectories. Furthermore, cropland
extent will be influenced by suburban and exurban expansion
(Sohl et al. 2018a), conservation policies (Nakicenovic et al.
2000; Lark et al. 2020), and evolving land-use pressures such as
wind and solar energy development (Mai et al. 2021; Harrison-
Atlas et al. 2022; Goldberg 2023).

Future cropland coverage is projected to vary regionally
from the historical baseline period through the mid- and end
of century (Figs. 3 and 4; Table 2). County-level cropland
changes across IPCC SRES scenarios display the most pro-
nounced changes in the Great Plains, coinciding with the na-
tion’s highest climatological hail risk and crop-hail loss
potential. In 2005, cropland accounted for 37% (85 million
acres) of northern plains land area and 21% (49 million acres)
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FIG. 2. County-level crop-hail climatology over the May–October 1990–2020 period, showing (a) mean num-
ber of severe hail days per growing season; (b) percentage of growing seasons with above national (east of the
U.S. Continental Divide) county-level mean number of severe hail days; (c) mean growing season CPI-adjusted
(2023 USD) payment indemnity due to crop-hail damage; (d) mean crop-hail loss cost (indemnity/liability 3

100); (e) mean percentage of insured cropland damaged by hail per growing season; (f) mean fraction of weather
peril crop loss caused by hail per growing season.

B UNDY E T AL . 927JUL-SEP 2026

Authenticated lbundy@niu.edu | Downloaded 09/03/26 01:39 PM UTC



of southern plains land (Figs. 3a and 4a). By 2055, cropland
coverage is projected to increase by as much as 5% in the
northern plains and 8% in the southern plains, with increases
reaching 18% by 2100 in both regions relative to 2005 (Figs. 3
and 4; Table 2). Under the most aggressive storylines (A1B
and A2), cropland may comprise up to 55% of the northern
plains and 39% of the southern plains by the century’s end.
At the county scale, cropland coverage is projected to rise by
$5% in 28% of Great Plains counties by 2055 and by $10%
in 40% of counties by 2100. All four scenarios suggest an in-
crease in southern plains cropland by 2055, while only B2 sug-
gests a slight decline in the northern plains. This expansion
could be consequential given evidence that newly converted
lands in the region often yield below-average returns for corn,
soybeans, and wheat compared to existing cropland in the
region (Lark et al. 2020). These reduced returns stem from de-
clining crop conditions (Bundy et al. 2024) and a lower harvest-
to-planting ratio with high interannual variability (supplemental
Fig. 5).

In the Midwest, cropland accounted for 45% (91 million
acres) of total land area in 2005}the highest of any U.S. region.
Future changes are projected to be minimal, as two scenarios
(A1B and A2) suggest slight increases, while the other two
(B1 and B2) display modest declines by 2055 and 2100 (Figs. 3
and 4; Table 2). Overall, with nearly half of the land area in culti-
vation already, cropland exposure in the Midwest is unlikely to
shift substantially through the century. In contrast to the Mid-
west, only 15% of land in the South was cropland in 2005, and
scenario divergence is greatest in the South. As such, A1B and
A2 project increases of 13%–17% by 2055 and up to 72% by
2100, whereas B1 and B2 indicate decreases of 18%–31% by
2055 and up to 40% by 2100, reflecting differing socioeconomic
and land-use assumptions embedded within the SRES scenario
families and highlighting uncertainty in future cropland trajec-
tories across the South. Overall, these regional and scenario-
dependent differences demonstrate that future agricultural
exposure may increase or decrease substantially depending
on land-use pathway, underscoring the need to evaluate both
cropland expansion and contraction across hail-prone regions.
In sum, A1B and A2 generally project cropland expansion by
2055 and 2100, with the largest increases occurring in the
northern and southern plains, while B1 and B2 project smaller
changes. Scenario divergence is most pronounced by 2100, es-
pecially in the Great Plains and South, where A2 produces the
greatest cropland expansion, whereas B2 often indicates crop-
land contraction. Such exposure changes are critical for under-
standing future production loss risk and may parallel how
disaster potential emerges from expansion of the human

footprint and property into hazard-prone areas (e.g., Pielke
2005; Pielke et al. 2008; Simmons et al. 2013; Ashley and
Strader 2016).

c. Interaction of hail risk with changing cropland
exposure

Changes in cropland coverage directly affect the acreage
vulnerable within a hail swath, reflecting the expanding bull’s-
eye effect observed in human exposure to weather hazards
(Ashley et al. 2014; Rosencrants and Ashley 2015; Ashley and
Strader 2016; Strader et al. 2017a,b, 2018). As such, changes
in exposure need to be evaluated by varying cropland cov-
erage while holding hail hazard characteristics constant.
This changing dynamic is evident in western Kansas, east-
ern Colorado, and western Nebraska, where all IPCC SRES
scenarios project cropland expansion between 2005 and 2100
(Fig. 5). To illustrate how this expanding exposure translates
into increased agricultural risk, 500 years of the 5000-yr
HailMC simulation reveal hail impacts on cropland increas-
ing by 79%}from approximately 990 000 acres in 2005 to
1.7 million acres under the A2 2100 scenario (Fig. 5). Key
crops in this high-risk corridor include corn, soybeans, sor-
ghum, winter wheat, and several minor crops, such as millet,
peas, rye, beans, and sunflowers (NASS 2024). These results
indicate an increasing probability of crop-hail losses as exposure
grows, even if hazard frequency remains constant. While this re-
gional example highlights the mechanics of the agricultural ex-
panding bull’s-eye effect, a comprehensive understanding of
future crop-hail risk requires broader regional analyses. Thus,
the variability in crop-hail impacts depends significantly on re-
gional differences and the timing of the most vulnerable pheno-
logical stages.

Across the 5000-yr HailMC simulation, a total of 485 464
severe hail swaths were generated over the northern plains,
southern plains, Midwest, and South. The southern plains av-
eraged the most swaths per growing season (28), followed by
the Midwest (27), northern plains (26), and South (16). Swath
dimensions were relatively consistent (mean length around
9.8 km, mean width of 1.25 km), though mean hail size var-
ied: 1.8 in. (4.57 cm) in the Great Plains, 1.6 in. (4.06 cm) in
the Midwest, and 1.4 in. (3.56 cm) in the South (Table 3).
POE curves illustrate how historical and future cropland ex-
tent and the historical hail climatology shape growing-season
impacts (Figs. 6 and 7). During the historical baseline (2005),
mean cropland area impacted per season was highest in the
Midwest (37 170 acres), followed by the northern plains
(28 430 acres), southern plains (22 910 acres), and South
(7760 acres) (Fig. 6; Table 4). While not all impacts result in

TABLE 1. Crop-hail county-level climatological means per growing season as in Fig. 1, but averaged by region.

Region
Severe hail

days
Above-average severe

hail seasons (%)
Crop-hail payment

indemnity
Crop-hail
loss cost

Crop-hail damaged
acres (%)

Crop-hail loss
fraction (%)

Northern plains 5 71 $620,796 $0.85 3.24 26.15
Southern plains 5 68 $569,600 $0.88 2.59 17.27
Midwest 3 44 $86,276 $0.09 0.54 7.57
South 2 30 $32,705 $0.25 0.51 7.49
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FIG. 3. (a) Percentage of each county classified as cropland in 2005; (b)–(e) changes in cropland percentage be-
tween 2055 and 2005 for each IPCC SRES scenario.
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FIG. 4. As in Fig. 3, but for 2100.
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outright yield loss, hail can reduce crop quality and marketability
at any growth stage with a varying magnitude, underscoring its
persistent threat to agricultural productivity (Bundy et al. 2024;
Lindsey et al. 2024).

Across individual SRES scenarios, most mid- and end-of-
century regional mean crop-hail impacts remain below the
historical Midwest mean of about 37 000 acres impacted per
growing season (Figs. 6 and 7; Table 4). Only the northern
plains under A2 in 2100 (about 42 000 acres) and the southern
plains under A1B and A2 in 2100 (about 38 000 and 41 000
acres, respectively) exceeded this historical Midwest bench-
mark. At the swath scale, Midwest cropland exposure was al-
ready substantial in 2005, with over 1300 affected acres per
severe hail swath and accounting for 46% of the swath area
on average. This baseline exposure exceeded the projected
2055 and 2100 values for every other region, highlighting the
Midwest’s uniquely high concentration of cropland within se-
vere hail swaths (supplemental Figs. 6 and 7; supplemental
Tables 1 and 2). With 45% of its land already cropland, the

TABLE 2. Changes in the percentage of land area classified as
cropland by region for 2055 relative to 2005 and for 2100
relative to 2005 for all IPCC SRES scenarios (A1B, A2, B1, B2).

2055 2100

A1B A2 B1 B2 A1B A2 B1 B2

Northern plains 5.44 4.28 1.75 21.96 10.95 18.17 7.88 22.61
Southern plains 7.74 4.55 2.09 0.07 14.37 17.81 7.12 20.11
Midwest 0.07 1.10 20.95 22.65 0.53 5.88 20.48 23.54
South 2.15 2.66 22.93 24.76 4.42 11.22 22.86 26.28

FIG. 5. Example HailMC simulation over eastern Colorado, western Kansas, and western Nebraska showing historical (2005) and pro-
jected A2-scenario cropland exposure surface for 2055 and 2100. (top) Cropland extent for each period, with cropland expansion relative
to 2005 displayed in red and cropland abandonment in blue; the black line denotes a single example simulated hail swath. (bottom) Crop-
land (orange) and hail swaths (black) simulated using 500 years drawn from the 5000-yr HailMC simulation, with swaths shaded by their
relative cropland impact (darker swaths indicate greater impact). Insets report total cropland area in the top panels and total impacted
cropland area in the bottom panels.
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Midwest is the most exposed region to hail, though this has
not historically produced losses on par with the Great Plains.
At the upper end of the annual impact distribution, however,
the southern plains consistently exceeds the Midwest. Here,
the 95th and 99th percentiles represent the cropland area in-
tersected by simulated hail swaths during the most impactful
5% and 1% of growing seasons, respectively. In 2005, the
southern plains 95th-percentile impact was approximately
94 000 acres, which was over 10 000 acres (13%) greater than

the Midwest value of ;83 500 acres. At the 99th percentile,
the corresponding values were almost 127000 and 107 000
acres, a difference of about 20 000 acres (18%). Across the
2055 scenarios, southern plains 95th-percentile impacts range
from almost 97 000 to 131 000 acres, exceeding the corre-
sponding Midwest values by about 16 500–48 000 acres (21%–

58%). By 2100, this difference increases to almost 17 000–
83 000 acres (21%–93%). These extreme annual impacts
occur when multiple, large, or favorably positioned hail swaths

TABLE 3. Summary statistics by region of the 5000-yr HailMC simulation.

Region
Simulation swath

total
Mean annual swath

total
Mean swath width

(km)
Mean swath length

(km)
Mean severe hail

size (mm)

Northern plains 130 704 26.14 1.25 9.80 45.82
Southern plains 137 904 27.58 1.25 9.79 45.36
Midwest 136 589 27.32 1.25 9.83 39.96
South 80 267 16.05 1.25 9.79 34.63
National 485 464 97.09 1.25 9.81 42.19

FIG. 6. POE curves comprising a 5000-yr HailMC simulation of the 2005 annual cropland area impacted by severe
hail (solid black line), the 2055 annual cropland area impacted by severe hail for each IPCC SRES scenario (A1B,
A2, B1, B2) by region: (a) northern plains, (b) southern plains, (c) Midwest, and (d) South. Each panel contains a sub-
plot of the same POE curves with a log (y) axis.
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overlap extensive and contiguous areas of cropland. Therefore,
although mean impacts are larger in the Midwest, the southern
plains has greater potential for rare, high-impact crop-hail sea-
sons because its cropland more frequently overlaps the climato-
logical maximum in severe hail activity.

The northern and southern plains are the only regions
where at least three of the four land-cover projections exhibit
increases in mean crop-hail impacts by both the mid- and end
of century (Figs. 6 and 7; Table 4; supplemental Figs. 6 and 7;
supplemental Tables 1 and 2). In the southern plains, mean
impacted acreage increases from approximately 23 000 acres
in 2005 to ;23 400–31 600 acres in 2055, representing abso-
lute increases of approximately 400–8600 acres (2%–38%).
By 2100, mean impacts range from approximately 23 200 to
41 600 acres, representing increases of nearly 300–18 700 acres
(1%–81%). In the northern plains, mean impacts change from
about 28000 acres in 2005 to 27000–33000 acres in 2055, equiva-
lent to changes from26% to115%. By 2100, projected impacts
range from approximately 26000 to 42000 acres, corresponding
to changes from22000 to114000 acres (from28% to149%).
The largest increase occurs under A2 in 2100, when about
14000 additional acres are impacted per growing season, a 49%
increase relative to 2005.

Although the Midwest has historically had the greatest
cropland exposure to hail, this exposure is not projected to
change significantly by mid- or end of century, as most avail-
able land is already in cultivation (Figs. 6c and 7c; Table 4).
Relative to the 2005 mean of ;37 000 acres, projected Mid-
west impacts range from about 35 000 to almost 38 000 acres
in 2055, representing changes from 22000 to 11000 acres
(from 25% to 12%). By 2100, impacts range from ;34 500
to 41500 acres, corresponding to changes from27% to111%.
Similar stability is evident for acres impacted per swath and the
percentage of each swath intersecting cropland (supplemental
Figs. 6 and 7; supplemental Tables 1 and 2), indicating limited
sensitivity to future land-cover change in this already highly cul-
tivated region. In the South, where cropland exposure and crop-
hail impacts are lowest, projections diverge more sharply among
scenarios. Relative to the 2005 mean of almost 8000 acres,
projected impacts in the South range from approximately
5600 to 9000 acres in 2055, representing changes from 22200
to 11200 acres (from 228% to 116%). By 2100, impacts
range from approximately 4900 acres under B2 to 13 000 acres
under A2, corresponding to changes of 22800 acres (236%)
and 15200 acres (167%), respectively. Thus, although the
South exhibits comparatively large percentage changes, its

FIG. 7. As in Fig. 6, but for the 2100 cropland projections.
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absolute impacts remain substantially smaller than those in
the Great Plains and Midwest. Taken together, the Great
Plains emerge as the region where cropland expansion most
strongly amplifies hail exposure, while the Midwest remains
comparatively stable and the South exhibits high scenario un-
certainty but lower absolute crop-hail impacts. These con-
trasts highlight that future crop-hail risk may be shaped more
by land-use change than hazard frequency alone, with signifi-
cant implications for insurance portfolios, farm management,
and regional adaptation planning.

d. Changing hail risk with changing cropland exposure

While cropland exposure may shift regionally, hail risk it-
self is not expected to remain constant through the twenty-
first century. Across all WRF-BCC scenarios (MID4.5, MID8.5,
END4.5, and END8.5), statistically significant decreases in
growing-season severe hail days are projected for the western
Great Plains, though the extent and magnitude vary by emis-
sions pathway and period (Fig. 8). The END8.5 scenario sug-
gests the most widespread reductions, with 0.5–2.5 fewer severe
hail days per growing season}a 33%–43% decline compared
to HIST}centered on eastern Colorado, northeastern New
Mexico, western Kansas, and central Nebraska (Fig. 8; Table 5;
supplemental Fig. 8). Other scenarios contain decreases of simi-
lar magnitude but smaller spatial extent, as MID4.5 and MID8.5
reductions focus on the southern plains, while END4.5 extends
farther north into Nebraska and South Dakota. Collectively,
these projections suggest fewer severe hail days across much of
the plains, pointing to a potential decline in future hail risk
within the current climatological maximum, while also suggest-
ing an increasing number of severe hail days across the broader
eastern United States.

While growing-season projections provide a broad illustra-
tion, the timing of changes relative to crop phenology is criti-
cal for understanding future loss vulnerability. Although hail

can reduce crop quality and yield at any stage, monthly trends
determine which growth phases are most at risk. In the west-
ern southern plains, severe hail days are projected to decline
across all growing-season months by the mid- and end of century
(Gensini et al. 2024), benefitting vegetative and reproductive pe-
riods of corn, cotton, sorghum, and wheat. Although uncertainty
remains because these projections are based on a single model-
ing framework, WRF-BCC simulations have been shown to ex-
plicitly resolve supercell structures and storm-scale processes
relevant to severe hail production (Ashley et al. 2023; Gensini
et al. 2024). Therefore, the reduction of severe hail in the west-
ern southern plains is largely tied to a projected decrease in
supercell frequency, the dominant severe hail-producing storm
type in the United States (Ashley et al. 2023). In the northern
plains, July and later months display a general decline in severe
hail days, but May and June exhibit slight increases, posing risks
to crops during critical vegetative development stages (Gensini
et al. 2024). Nonetheless, even if portions of the Great Plains ex-
perience a relative decline in severe hail frequency, the region is
still projected to remain the climatological epicenter for hail risk
in the United States.

Although projected declines in severe hail days suggest re-
duced future agricultural losses in the Great Plains (if cropland
exposure is held constant), uncertainties remain regarding hail
frequency and size (Raupach et al. 2021). Prior studies point to
fewer hail days across parts of North America (Brimelow et al.
2017; Gensini et al. 2024), though changes may depend on hail
size (Brimelow et al. 2017; Tang et al. 2019; Trapp et al. 2019).
One driver is increased convective inhibition (CIN), which may
suppress storm initiation or intensification; WRF-BCC and other
simulations suggest stronger CIN across the Great Plains in fu-
ture periods (Trapp and Hoogewind 2016; Hoogewind et al.
2017; Rasmussen et al. 2020; Haberlie et al. 2022, 2024; Ashley
et al. 2023). Higher melting levels may also reduce smaller
hailstones (Brimelow et al. 2017; Gensini et al. 2024). Yet, the

TABLE 4. Regional cropland area impacted (in thousands of acres) by severe hail per growing season from the 5000-yr HailMC
simulation, using HIST (2005) cropland coverage and IPCC SRES cropland projections (A1B, A2, B1, B2) for 2055 and 2100.

HIST
A1B A2 B1 B2

2005 2055 2100 2055 2100 2055 2100 2055 2100

Northern plains
Mean 28.43 32.63 36.90 31.73 42.48 29.74 34.47 26.77 26.21
95th percentile 61.37 69.35 77.75 67.71 88.36 63.48 72.74 57.42 56.13
99th percentile 82.26 91.64 102.54 89.43 115.49 85.82 97.42 77.41 75.07

Southern plains
Mean 22.92 31.58 38.48 28.02 41.57 25.57 30.93 23.36 23.23
95th percentile 94.19 130.98 160.89 115.91 173.66 105.27 127.46 96.75 95.65
99th percentile 126.87 170.49 206.90 153.26 220.93 141.99 168.59 129.18 129.12

Midwest
Mean 37.18 37.20 37.51 37.97 41.44 36.51 36.94 35.23 34.56
95th percentile 83.55 82.87 83.55 84.51 90.72 82.25 83.01 80.18 78.83
99th percentile 107.39 107.09 109.36 109.74 120.72 106.13 107.36 103.06 101.66

South
Mean 7.77 8.75 9.79 8.99 13.01 6.43 6.46 5.60 4.94
95th percentile 23.87 26.63 29.29 27.17 38.62 20.51 20.82 18.49 16.93
99th percentile 37.68 40.65 44.48 41.18 55.42 33.58 33.75 29.97 27.75
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FIG. 8. (a) HIST mean growing-season severe hail days and changes in mean growing-season severe hail days rela-
tive to HIST for (b) MID4.5, (c) MID8.5, (d) END4.5, and (e) END8.5. Counties with statistically significant differ-
ences between HIST and the future periods are denoted by thick black outlines (p, 0.05; Mann–WhitneyU test).
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implications of these changes remain uncertain due to multiple
factors, including the computational demands of explicitly simu-
lating storms and hail microphysics, limitations in microphysical
parameterizations (e.g., hail growth, melting, and size distri-
butions), sensitivity to environmental inputs such as thermo-
dynamic profiles and wind shear that vary across climate
models, and observational constraints such as biases and spa-
tial heterogeneity in hail reports. Additionally, when assessing
the full spectrum of regional agricultural risk, projected de-
clines in severe hail frequency across the Great Plains may co-
incide with reductions in spring and summer precipitation,
raising broader concerns about climate change impacts on re-
gional crop production.

East of the Mississippi River, most counties are projected
to experience minimal changes or slight increases of less than
one severe hail day per growing season (Fig. 8). Although
small in absolute terms, these changes represent large relative
increases}50% to more than 500% in parts of the eastern
Midwest, South, mid-Atlantic, and Northeast}given the histori-
cally lower hail frequencies in these regions (Figs. 2a and 8a).
MID8.5 displays the most widespread significant increases, par-
ticularly across the Midwest, South, and mid-Atlantic (Fig. 8).
Importantly, these increases are concentrated in the first half of
the growing season (Gensini et al. 2024), coinciding with vegeta-
tive and early reproductive stages of corn, cotton, and soybeans,
when crops across these regions are especially vulnerable.

When hail risk is evaluated alongside cropland exposure,
all combinations of RCP4.5 and RCP8.5 with the SRES story-
lines are considered; however, greater emphasis is placed on
the RCP4.5/B1 and RCP4.5/A1B combinations because these
represent the closest approximate parallels between the RCP
and SRES frameworks and are most consistent with present-
day policy trajectories (Figs. 9 and 10; Table 5). By midcen-
tury, much of the northern and southern plains are projected
to experience decreasing severe hail frequency but increasing
cropland exposure relative to the historical period. This pattern
persists into the end-of-century period, with larger reductions
in severe hail days occurring alongside continued cropland ex-
pansion. Therefore, projections suggest that rising exposure
may partially offset reductions in hazard frequency by sustain-
ing, or in some cases increasing, crop-hail loss potential across
the Great Plains. In the Midwest, simulations indicate increas-
ing severe hail frequency across much of the region, while

cropland coverage changes remain relatively small. The SRES
A-family scenarios generally project modest cropland in-
creases, whereas the B-family scenarios indicate modest de-
creases during both the mid- and end-of-century periods.
Meanwhile, the South exhibits some of the largest projected
increases in severe hail frequency, with regional average
changes approaching 500% during both future epochs. These
severe hail increases coincide with the greatest divergence
among cropland scenarios: A-family scenarios project sub-
stantial cropland expansion, comparable in magnitude to
changes in the northern plains, while B-family scenarios pro-
ject substantial cropland contraction. Thus, although future
exposure pathways remain highly uncertain in the South, the
projected increase in severe hail frequency indicates a greater
annual likelihood of crop exposure to severe hail. Addition-
ally, while not a region of focus, the mid-Atlantic may experi-
ence concurrent increases in both severe hail frequency and
cropland exposure, enhancing vulnerability to future crop-
hail losses. However, given the comparatively smaller crop-
land footprint and lower historical hail risk relative to the
Great Plains, the overall magnitude of impacts in the South
and broader eastern United States is unlikely to match those
projected for the primary hail-prone agricultural corridor.

Regional variation is important: The Great Plains face the
greatest exposure-driven risk, while the Midwest and South
may undergo hazard-driven increases with variable changes in
cropland extent between scenarios. These dynamics carry clear
implications for both policy and practice. Insurers will need to
align coverage with shifting regional risk profiles (Chemeris
et al. 2022; Obolensky 2025), while policymakers and sustain-
ability programs may use conservation incentives and land-use
planning to discourage expansion into marginal, hazard-prone
lands (Lark et al. 2015; Farm Service Agency 2025). At the
farm level, mitigation is most effective when approached as a
layered strategy that integrates prevention, protection, and re-
covery. Preventive measures include climatological risk assess-
ments (RMA 2025), early warning systems (NWS 2025), crop
diversification (Renard and Tilman 2019), and the use of crop
insurance as a financial safety net (Reyes and Elias 2019).
Physical protections such as hail netting or wired caging are ef-
fective for high-value cropping systems but are cost-prohibitive
at the scale of broadacre cropping systems (Bendorf and
Schillerberg 2024).

TABLE 5. Regional percent changes in severe hail days and cropland coverage relative to historical conditions. Severe hail changes
are displayed for WRF-BCC MID4.5 and END8.5, while cropland changes are for each IPCC SRES scenario (A1B, A2, B1, B2).

Severe hail percent change Cropland percent change

Period RCP4.5 RCP8.5 A1B A2 B1 B2

Northern plains MID 213.39 28.97 14.75 11.61 4.74 25.32
Southern plains MID 222.45 239.83 36.87 21.68 9.96 0.35
Midwest MID 34.17 80.17 0.17 2.46 22.13 25.91
South MID 427.67 737.76 13.80 17.06 218.82 230.57
Northern plains END 224.36 233.35 29.69 49.27 21.38 27.07
Southern plains END 220.88 243.44 68.52 84.90 33.92 20.55
Midwest END 35.32 48.59 1.17 13.10 21.07 27.89
South END 543.43 555.13 28.40 72.04 218.36 240.36
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FIG. 9. Bivariate county-level changes in severe hail days paired with cropland
coverage for midcentury WRF-BCC climate simulations and 2055 IPCC SRES
cropland scenarios: (a) MID4.5 and A1B, (b) MID8.5 and A1B, (c) MID4.5 and
A2, (d) MID8.5 and A2, (e) MID4.5 and B1, (f) MID8.5 and B1, (g) MID4.5
and B2, and (h) MID8.5 and B2. Colors represent the combined direction and
magnitude of percent change in severe hail days and cropland coverage relative
to historical conditions. Positive (negative) percent changes refer to severe hail-
day or cropland changes. 20% (,220%).
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FIG. 10. As in Fig. 9, but for the end-of-century period.
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4. Conclusions

Heightened crop demand has driven regional cropland ex-
pansion across the United States (Cassidy et al. 2013; Lark
et al. 2015, 2020), coinciding with increasing weather- and
climate-related losses (Changnon and Hewings 2001; Bouwer
2011). Such expansion introduces uncertainty not only for nat-
ural landscapes (Henwood 2010) but also for agricultural vul-
nerability to climate hazards (Steele and Hatfield 2018),
particularly in regions with marginal biophysical capacity and
frequent summer growing-season extremes (Lark et al. 2015,
2020). Disasters are fundamentally a product of hazard, expo-
sure, and vulnerability (Ashley et al. 2014; IPCC 2014; Ashley
and Strader 2016; Strader et al. 2018), and this study advances
that framework by examining historical and projected crop-
hail risk in the United States using a unique combination of
cropland projections (Sohl et al. 2018a,b), severe hail climatolo-
gies (SPC 2024), crop-hail insurance data (RMA 2024), and high-
resolution, convection-permitting climate simulations (Gensini
et al. 2023).

Results underscore that the Midwest, with its sheer magni-
tude of cropland, faces the highest probability of hail impact-
ing agricultural land each growing season. Yet, it is the Great
Plains}where extensive cropland overlaps with the climato-
logical maximum of severe hail}that emerges as the epicen-
ter of historical and likely future crop-hail loss if projections
hold true. This outcome reflects the “expanding bull’s-eye
effect” (Ashley et al. 2014), here applied directly for the first
time in an agricultural context: disaster potential, or major
crop yield loss, is defined less by total cropland acreage than
by its spatial distribution relative to the hazard. Even with
projected decreases in severe hail days, the expansion of crop-
land between the historical baseline and future periods across
the Great Plains magnifies the likelihood that hail swaths will
intersect farmland, sustaining, or even increasing future loss
potential. Conversely, modest cropland changes in the Mid-
west and South paired with a projected increase in severe hail
days also suggest heightened risk in regions not traditionally
considered hail “hotspots.”

From a management perspective, these findings highlight
the need for proactive adaptation strategies, providing opera-
tional insights that could inform county-level risk rating adjust-
ments or guide conservation incentives in high-risk areas.
Additionally, these methods provide a foundation for future
work, despite data limitations. Expanding to crop-specific data-
sets, phenological models, or other perils (e.g., drought, flood-
ing, heat) would allow for richer assessments of how climate
variability and land-cover change intersect to shape agricultural
risk. Importantly, the framework demonstrated here can be ex-
tended internationally, informing global food-security analyses
in regions where cropland expansion into marginal lands is ac-
celerating. In sum, this study provides one of the first compre-
hensive frameworks for linking cropland changes and severe
convective hazard projections, offering a novel basis for under-
standing and managing future crop-hail risk. For society at
large, the persistence of hail risk despite projected climatologi-
cal declines emphasizes the challenge of safeguarding food sys-
tems under climate change. Ensuring that crop production

remains resilient to hail and other extreme weather hazards is
not only an agricultural priority but also a cornerstone of food
security in a period of increasing demand and volatility.
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