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ABSTRACT: Severe convective storms (SCS) and their associated hazards present significant societal risk. Understanding
of how these hazards, such as hailfall, may change due to anthropogenic climate change is in its infancy. Previous methods
used to investigate possible changes in SCS and their hail used climate model output and were limited by their coarse
spatiotemporal resolution and less detailed representations of hail. This study instead uses an event-level pseudo–global
warming (PGW) approach to simulate seven different hailstorms in their historical environments, and again in five differ-
ent end-of-century PGW environments obtained from the worst-case scenario increases in CO2 of five different CMIP5
members. Changes in large-scale environmental parameters were generally found to be consistent with prior studies, show-
ing mostly increases in CAPE, CIN, and precipitable water, with minor changes in vertical wind shear. Nearly all simulated
events had moderately stronger updrafts in the PGW environments. Only cold-season events showed an increase in hail
sizes both within the storms and at the surface, whereas warm-season events exhibited a decrease in hail sizes at the surface
and aloft. Changes in the event-total hailfall area at the ground also showed a seasonal trend, with increases in cold-season
events and decreases in warm-season events. Melting depths increased for all PGW environments, and these increases
likely contributed to greater rainfall area for warm-season events, where an increase in smaller hail aloft would be more
prone to melting. The differences in PGW simulation hail sizes in cold-season and warm-season events found here are
likely related to differences in microphysical processes and warrant future study.

SIGNIFICANCE STATEMENT: It is uncertain how severe thunderstorm hazards (such as hail, tornadoes, and dam-
aging winds) may change due to human-induced climate change. Given the significant societal risk these hazards pose,
this study seeks to better understand how hailstorms may change in the future. Simulated end-of-century storms in win-
ter months showed larger hail sizes and a larger area of event-total hailfall than in the historical simulations, whereas
simulated future storms in spring and summer months showed smaller hail sizes and a reduction in the area where hail
fell. An analysis of traditional environmental and storm-scale properties did not reveal a clear distinction between cold-
season and warm-season hailstorms, suggesting that changes in small-scale precipitation processes may be responsible.
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1. Introduction

Severe convective storms (SCS) and their associated haz-
ards (i.e., hail, damaging winds, tornadoes) present a signifi-
cant societal risk, with billion-dollar events occurring nearly
four times as frequently as other natural disasters and ac-
counting for over $170 billion in damage from 2010 to 2019 in
the United States (NOAA NCEI 2022). It is thus imperative
to understand how these storms and their hazards may change

due to anthropogenic climate change (ACC). While changes
to severe thunderstorms and their environments are better
understood, confidence remains low in understanding how
they may translate to changes in their associated hazards due
to coarse climate model resolution and the approximations
necessary within parameterizations used in current climate
models (IPCC 2021). Current and future trends in hailstorms
due to climate change are among those difficult to evaluate,
as summarized in a recent review by Raupach et al. (2021),
where multiple paths forward, including improving observa-
tional databases, better evaluation of environmental proxies,
process-level modeling, and additional study of economic im-
pact and vulnerability, have all been recommended.

Observing changes in hail (and other convective weather
hazards) as the climate changes is difficult due to the rarity of
these events, changing reporting practices, and the relatively
short dataset length (Brooks 2013; Kunkel et al. 2013; Allen
and Tippett 2015). In hail observational databases, numerous
studies have noted significant nonmeteorological biases, such
as population bias (Cecil 2009), lack of reporting to govern-
ment weather agencies (Blair and Leighton 2012), duplicate
reporting and changes in the definition of severe hail size
(Allen and Tippett 2015), and underestimation of reported
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hail size, especially for large hail exceeding 2 in. (5.1 cm) in di-
ameter (Blair et al. 2017).

Regional hail climatologies have generally been produced
using radar-derived hail products and/or public hail reports
(e.g., Doswell et al. 2005; Cintineo et al. 2012; Ortega 2018;
Janssen Schile et al. 2019) but are better suited to examining
the frequency of hail-producing storms, rather than the maxi-
mum hailstone sizes at the ground. Using radar data, hail oc-
currence is typically detected using the derived maximum
expected size of hail (MESH) product, which is a measure
of vertically integrated storm reflectivity (Witt et al. 1998).
Numerous studies (e.g., Edwards and Thompson 1998; Lindley
and Lemon 2007; Jiang et al. 2019; Ortega 2018) have found
that reflectivity and its derived fields, for example three-body
scatter spikes (Lindley and Lemon 2007) and vertically inte-
grated liquid (Edwards and Thompson 1998), provide little
skill in quantifying hail size.

As a result of all these difficulties with hail observations,
numerous studies (e.g., Brooks 2013; Allen and Tippett 2015;
Allen et al. 2017) state that environmental parameters are
better suited for studying long-term trends in hailfall related
to ACC compared to observational methods. Past studies
have used a combination of parameters, namely instability
(CAPE) and bulk vertical wind shear (VWS), although some
studies also include lapse rates (e.g., Brooks et al. 2003), surface
moisture (e.g., Trapp et al. 2007), and/or surface convergence
(e.g., Van Klooster and Roebber 2009) to discern changes in
general severe convective environments from reanalysis data.
Changes in convective storm frequency and strength, as well as
changes in hazards, are then extrapolated.

Some studies have used coarse global or regional climate
model (GCM or RCM) output to compare historical and fu-
ture severe convective environments (SCEs) over the conti-
nental United States to evaluate possible trends under ACC.
The SCEs are predominately discerned using a combination
of CAPE and VWS. Most studies (i.e., Trapp et al. 2007;
Diffenbaugh et al. 2013; Seeley and Romps 2015; Lepore et al.
2021; Haberlie et al. 2022) find an increase in the number of
days with favorable SCEs in future climate scenarios, driven
mainly by an increase in the number of days with sufficient
CAPE (resulting from increases in boundary layer moisture),
despite decreasing VWS. However, decreases in VWS may
not necessarily impact convective storm formation; Trapp
et al. (2007) found that CAPE increases can sufficiently over-
come decreases in wind shear, Diffenbaugh et al. (2013) found
that days with decreases in shear corresponded with days with
low CAPE anyway, and Seeley and Romps (2015) found that
variations in shear did not explain the variabilities in changes
in SCEs as well as CAPE. These studies, as well as that of Van
Klooster and Roebber (2009), predict a shift toward stronger
convective storms in the future, given expected increases in
CAPE due to warmer surface temperatures and increases in low-
level moisture. Using the relationship wmax 5

�����������������(23 CAPE)√
[as

in Holton (2004)], it is hypothesized that stronger updrafts will re-
sult in the future from the larger CAPE (Del Genio et al. 2007).

However, analysis of possible future environmental param-
eters to predict changes in SCEs cannot guarantee convective
initiation (CI) will occur, and thus the anticipated stronger

convection in future environments might never be realized
despite the large CAPE. In their analyses of historical SCEs,
Taszarek et al. (2021) and Pilguj et al. (2022) both found an
increase in CIN as the climate has warmed, discouraging CI.
In addition, CAPE is always computed for an adiabatic air
parcel that ignores any entrainment of dry air. Entrainment
can decrease the parcel buoyancy and may also limit the initi-
ation of deep convection. Because GCMs and RCMs do not
resolve convective storms, a direct answer to how future CIN
increases may influence CI in the future cannot be addressed
using this methodology.

Moreover, while environmental parameters may suggest if
severe convection is possible or not, there has been limited
success in predicting hailstorm occurrence or severity using
storm environments alone (Allen et al. 2020). Hazards such as
hailfall are not easily discerned from environmental parame-
ters alone. Recent work by Tang et al. (2019) saw some corre-
lation between environmental parameters and large ($5 cm
or 1.97 in.) hail occurrence, though there were sensitivities
to the environmental variables used and the region over
which the analysis was performed. Gensini et al. (2021) found
machine-learning methods had better skill in predicting the
probability of hail occurrence compared to the parameters
used in Tang et al. (2019).

There is also little skill in discerning between environments
to predict hail size at the ground, when using bulk severe
weather indices calculated from environmental parameters
(e.g., Edwards and Thompson 1998; Johnson and Sugden
2014; Jewell and Brimelow 2009). Machine-learning methods
utilized by Gensini et al. (2021) also found limited success in
distinguishing between environments producing hail with a
diameter 1–2 in. (2.5–5.1 cm) versus $2 in. ($5.1 cm), and
mainly at very low and very high probabilities (i.e., extreme
environments). Even with the use of an idealized hail trajec-
tory model, Lin and Kumjian (2022) found that the environ-
ments with the most CAPE did not produce the largest hail
sizes and noted the interplay between CAPE and VWS in
modulating hail size.

To more directly investigate future changes in hail brought
about by changes in environmental conditions more directly,
Brimelow et al. (2017; hereafter B17) utilized environmental
profiles extracted from an RCM simulation to drive the
HAILCAST 1D hail growth model (Brimelow et al. 2002) and
predict maximum hailstone sizes at the ground over North
America for the middle of the twenty-first century. While their
analysis was still limited by uncertainty as to whether or not
those environmental profiles would have allowed for CI and
adiabatic parcels in storm updrafts, B17 found a decrease in
the frequency of small hail and an increase in the frequency of
large hail. The former was due to a greater melting depth, and
the latter to increases in updraft strength.

This competition between higher CAPE (acting potentially
to increase hail size) and higher melting levels (acting to de-
crease hail size) is at the root of the uncertainty as to what the
primary contributor to changes in hail size may be in a future
climate. Complicating matters, an increased melting-level
depth does not affect all hail sizes in the same way: smaller
hail experiences more time for melting as it falls more slowly

J OURNAL OF CL IMATE VOLUME 37528

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 08/13/24 07:08 PM UTC



through the warm layer. While there is consensus that the
height of the 08C isotherm will increase under ACC and result
in a larger melting depth (e.g., Mahoney et al. 2012; Dessens
et al. 2015; Trapp et al. 2019), Rasmussen and Heymsfield
(1987), Lamb and Verlinde (2011), and Ryzhkov et al. (2013)
have all noted that hail melt is also dependent upon the rela-
tive humidity (RH) profile beneath the storm through which
the hail falls, with decreases in relative humidity delaying the
onset of melting due to evaporative cooling of the hailstone
surface. Despite some studies showing a decrease in RH under
ACC (e.g., Seeley and Romps 2015; Trapp and Hoogewind
2016) no studies in the published literature have considered
this effect on hail melting (e.g., instead using the 08C wet-bulb
temperature level to determine the onset of melting).

An alternative approach to analysis of environmental pa-
rameters alone is convection-permitting dynamical downscal-
ing, where GCMs or RCMs are used to initialize a regional
model run at much higher resolution. Convective parameter-
izations can thus be avoided, and instead convective storms
can be explicitly represented. Convective event occurrences
must be quantified using some criteria typically involving sim-
ulated radar reflectivity, updraft helicity, and/or updraft speed
exceeding some given thresholds. Several studies using reanal-
ysis data with this method have found that downscaling does
reasonably well at reproducing precipitation fields (e.g., Trapp
et al. 2011; Robinson et al. 2013) and reproducing SCEs con-
nected to hazardous weather reports (e.g., Gensini and Mote
2014). Gensini and Mote (2015), Hoogewind et al. (2017), and
Haberlie et al. (2022) all found increases in the frequency of
SCS in the spring, supporting a lengthening of the severe
weather season, with the latter two studies also noting in-
creased SCE frequency in fall and winter in some regions of

the United States. These studies also found decreasing SCS
frequency in summer due to increased CIN, but storms that
did form were more intense. This increased intensity some-
times extended to other seasons (Gensini and Mote 2015),
but not always (Mahoney et al. 2013). More recent work by
Ashley et al. (2023) found an increase in supercell frequency
in late winter and early spring, and a decrease in frequency in
summer, with all future storms displaying a greater intensity
(based on updraft helicity). Given that supercells account for
the majority of severe hail [i.e., hailstone diameter $ 2 in.
(5.1 cm)] reports (e.g., Doswell et al. 2005; Blair et al. 2017), it
could be reasonably expected that future increases in supercell
strength might also result in larger hail sizes.

A few dynamical downscaling studies have been performed
specifically to investigate hailstorm frequency and severity un-
der climate change in the United States: Mahoney et al. 2012
(hereafter M12) and Trapp et al. 2019 (hereafter T19). T19
found a shift toward larger hail sizes over the entire United
States in the future as a result of increased CAPE, whereas
M12 found an increase in hail mass aloft but nearly no hail at
the ground over the state of Colorado, due to an increased
melting depth. T19 also noted the effects of an increased melt-
ing depth for decreases in hail frequency, but particularly an
increase in CIN that decreased storm frequency in particular
regions of the United States, especially the eastern region. A
summary of the findings of these studies, as well as of B17, is
provided in Table 1, as they indicate the current state of
knowledge regarding projected hail frequency and sizes (apart
from less specific SCE studies) over the United States in a fu-
ture climate. Differences in grid spacing undoubtedly bring
about some of the differences found among these studies, as
well as how the hail was modeled (as graupel or hail mass in

TABLE 1. Summary of previous modeling studies focused on potential changes in hail over the United States due to ACC that
include a representation of hail.

Mahoney et al. (2012) Brimelow et al. (2017) Trapp et al. (2019)

Region Colorado front range Continental United States and
Canada

Continental United States

Duration June–August (10 largest
events only)

March–September Full year

Future period 2041–2070 2041–2070 2071–2100
Grid spacing (finest) 1.3 km 50 km 4 km
No. of GCM projections used One Three One
Hail variable Graupel/hail mass Hail diameter obtained from

HAILCAST run on
environmental profiles

Column-integrated graupel/
hail mass; calibrated against
HAILCAST

Changes in frequency of
surface hailfall

Less frequent Less frequent More frequent in spring, less
frequent in summer

Cause of frequency changes Increased melting depth Increases in CIN and melting
depth

Corresponds to changes in
convective storm occurrence;
small hail not studied

Changes in hail size at the
surface

Elimination of surface hail Shift to larger sizes for everywhere
but the eastern and southeastern
United States

Shift to larger sizes in summer

Causes of size changes Increased melting depth Increased buoyancy; offset by
increased melting depth for the
eastern and southeastern
United States

Wider, stronger updrafts
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single-moment parameterizations, or by a few hailstones
grown in a detailed hail growth model), and how far into the
future each study considered (T19 considered projections
30 years farther than M12 and B17, and thus addressed an
overall warmer period).

Discrepancies in results may be at least partially due to
varying methods (i.e., first six rows of Table 1), including
sometimes the use of a single climate model driver, but these
studies do emphasize the uncertainty caused the competing
effects between higher CAPE and higher melting levels
highlighted earlier. All studies saw evidence of stronger
storms (for M12 this was indicated by an increase in hail mass
aloft in future climate simulations) and in T19 and some re-
gions in B17, this governs the response of hail in future cli-
mates and results in larger hail sizes. However, for M12 and
the southern and eastern United States in B17, increased
melting depths overruled the stronger storms and dominated
the hail response, resulting in smaller hail sizes (or an elimina-
tion of surface hail for M12).

These past studies were somewhat limited in their repre-
sentation of hail. M12 and T19 utilized the single-moment
Thompson microphysics scheme (Thompson et al. 2008),
which predicts mass for a single, combined graupel/hail
category. While being computationally efficient, numerous
studies have shown that double-moment schemes better rep-
resent microphysical (i.e., precipitation fields) and dynamical
(i.e., stormmorphology, cold pools) properties of severe convective
systems better than single-moment schemes (e.g., Morrison et al.
2009; Dawson et al. 2010; Lee and Donner 2011; Van Weverberg
et al. 2012; Igel et al. 2015). Due to the coarseness of their
RCM simulations, B17 utilized HAILCAST, which predicts
surface hail size, but it is intrinsically biased toward larger hail
due to using maximum updraft speeds based on CAPE (possi-
bly increasing the residence time of larger hail in the hail
growth zone) and a limited number of hail embryos (reducing
competition for available supercooled liquid water). As such,
the trade-off for longer model run times for these types of simu-
lations means that hail processes are only crudely represented.

Furthermore, while the downscaling methodology can
more directly assess SCE changes by eliminating the need for
convective parameterizations, the 4-km grid spacing or larger
employed by T19, as well as many other dynamical downscal-
ing studies (e.g., Robinson et al. 2013; Gensini and Mote 2014,
2015; Hoogewind et al. 2017; Prein et al. 2017a,b; T19; Poujol
et al. 2020) have been shown to have a tendency to overesti-
mate overall storm size and precipitation, with studies sug-
gesting that at this resolution, updrafts are forced at a larger
than natural scale (e.g., Deng and Stauffer 2006) and are less
susceptible to entrainment (e.g., Bryan and Morrison 2012;
Caine et al. 2013; Van Weverberg et al. 2013; Robinson et al.
2013; Roh and Satoh 2014). The computational expense asso-
ciated with using finer grid spacings limits studies to small
spatiotemporal scales (such as only simulating the state of
Colorado, as done by M12) and/or the use of a single GCM
driver, so many studies are inherently limited by a lack of
robustness (Kendon et al. 2017).

A different modeling approach for assessing possible im-
pacts of ACC upon hazardous weather is the pseudo–global

warming (PGW) method (Kimura and Kitoh 2007; Sato et al.
2007; Lackmann 2013; Trapp et al. 2021), previously referred
to as the surrogate warming method (Schär et al. 1996; Frei
et al. 1998). With the event-level application of PGW (e.g.,
Trapp et al. 2021), a particular weather event that has oc-
curred in the past is simulated at high resolution, and then re-
simulated within various projected future environments, to
allow for the investigation of changes at the process level [rec-
ommended in the review of needed hail research by Raupach
et al. (2021)] that are responsible for the event. This allows
for multiple realizations using a variety of environmental pro-
jections from different GCMs to investigate a variety of possi-
ble responses to ACC. There has yet to be a PGW study of
possible changes in hail characteristics as a result of ACC that
could be used to examine the pertinent underlying microphysi-
cal and kinematic processes (and their interactions). The goal
of this study is to examine how storm-scale properties such as
updraft strength and melting depth influence hailfall character-
istics in potential future warmer climates, helping to link past
studies of hailstorm environments to more robust simulations
of hailstorms forming in those environments.

2. Methods

The PGWmethodology allows for an event to be simulated in
its historical environment and in other environments modified by
ACC to evaluate responses to ACC. In the context of this work,
“events” refer to hailstorms (time scales less than a day), al-
though other studies have used this methodology to study phe-
nomena at the weekly (e.g., Sato et al. 2007; Lackmann 2013;
Patricola and Wehner 2018) or seasonal (e.g., Rasmussen et al.
2011; Prein et al. 2017a) time scales. Historical (HIST) simula-
tions of the actual events typically use reanalysis data as initial
and boundary conditions to drive a regional model, while PGW
simulations are constructed by adding, to the reanalysis data, cli-
mate perturbations representative of a mean climate change for
a given month under ACC; the perturbations (also referred to as
“deltas”) are obtained from GCMs as described below. In this
way, deltas are in (near) hydrostatic and geostrophic balance and
can be linearly superposed onto the unbalanced flow associated
with the historical event and preserve small-scale weather pat-
terns (e.g., Rasmussen et al. 2011; Trapp et al. 2021). Comparing
the PGW to the HIST simulation illuminates the response of
hailstorms to those perturbations.

Following Trapp et al. (2021), the temperature (T) field for
a PGW simulation can be described as

TPGW(x, y, z, t) 5 THIST(x, y, z, t) 1 DTmonth, (1)

where T(x, y, z, t) is the atmospheric state and DTmonth is the
climate perturbation for the month in which the historical
event occurred, given by

DTmonth(x, y, z, t) 5 Tmonth(x,y,z,t)|future 2 Tmonth(x,y,z,t)|past:
(2)

The “month” subscript is indicative of time-averaging of the
mean fields for the specified month corresponding to the
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event. Overbars indicate a time average, generally performed
over a 10- or 30-yr period. Studies opting for the 10-yr averag-
ing period (e.g., Lackmann 2013, 2015; Trapp and Hoogewind
2016) note that this is long enough to allow for interannual
variability but short enough to prevent the need for trend re-
moval. This study opts for 10-yr end-of-century averaging pe-
riods, using 1990–99 and 2090–99 as the historical and future
time periods, respectively. Nevertheless, Woods et al. (2023)
show that the PGW response is larger across different GCM
drivers for a given delta-calculation method, than across dif-
ferent delta-calculation methods for a given GCM driver.

Earlier studies have used a simpler form of (2) that only ac-
counts for the 3D mean field (x, y, z). In this study (as in
Trapp et al. 2021), t represents subdaily GCM output used to
construct monthly averages at 0000, 0600, 1200, and 1800 UTC
to create diurnally varying deltas that can account for potential
changes in the diurnal cycle of temperature, humidity, and
winds. Compared to time-constant deltas, Trapp et al. (2021)
found that diurnally varying deltas produced modest differ-
ences in convective intensity, with an average decrease of 11%
in area of intense precipitating convection (defined as the area
of column-maximum reflectivity at or exceeding 55 dBZ) in
their limited case study.

In addition to temperature, time averages for specific hu-
midity, zonal and meridional winds, surface pressure, and soil
temperature and moisture are first obtained using (2) from
the native GCM grid, then interpolated to the reanalysis data
grid before subtracting the past from future averages to con-
struct the deltas. For all but one event, the National Centers
for Environmental Prediction North American Mesoscale
Forecast System analysis (NAM-ANL; 218 grid) grid (which
has approximately 12-km horizontal grid spacing and 60 verti-
cal levels) was used; the 10 August 2020 event required the
use of the High-Resolution Rapid Refresh (HRRR) grid as
simulations with the NAM reanalysis data did not reproduce
the observed convection. The deltas are then added to the
corresponding reanalysis fields and interpolated to 3-hourly
intervals, which is the data ingest interval used for the initial
and boundary conditions in all simulations.

Deltas are generated using CMIP5 output from the GFDL
CM3 (GFDL), MIROC5 (MIROC), and NCAR CCSM4 (NCAR)
models, based on previous studies showing these datasets gener-
ated a range of convective storm environments (Diffenbaugh
et al. 2013; Seeley and Romps 2015; Trapp and Hoogewind
2016), as well as the IPSL-CM5A-LR (IPSL) and NorESM1-M
(NORESM) models [as in Trapp et al. (2021)]. The use of a
large number of GCMs (compared to the studies in Table 1)
provides additional variability in deltas that can be used to bet-
ter assess the possible response of hailstorms to ACC. All
GCM datasets used here were conducted with representative
concentration pathway (RCP) 8.5 to identify the sensitivity of
hailstorms to ACCmore easily.

Figure 1 shows the observed hail reports from the NOAA
Storm Prediction Center’s Severe Thunderstorm Event Archive
plotted over the computational subdomain used for simulating
each of the seven events in this study. Some of these events
were major hail events; others were chosen because the simu-
lations were readily available due to PGW studies of other

severe weather hazards. These events thus encompass a range
of hailfall, regions, seasons, and storm modes over the United
States to evaluate trends and their generality. Tornadic super-
cell thunderstorms occurred on 10 February and 20 May 2013
[as in Woods et al. (2023)] as well as 19 May 2013, 8 July 2020,
and 10 December 2021 which also had strong linear convection
along a frontal boundary; the 10 August 2020 case produced a
derecho from a mesoscale convective system (Lasher-Trapp
et al. 2023). Both the 2 March 2012 and 19 May 2013 cases were
major hailstorm outbreaks consisting of multiple storm modes
(i.e., warm-sector supercells with upscale growth) that occurred
in the spring. Although hail was not the primary hazard for most
of these events, they are useful for investigating if hailfall might
intensify in such events under ACC, as well as provide both win-
ter and summer events to test the seasonality of results. Even so,
five of the seven events had reports of hail at or exceeding 2.5 in.
(6.4 cm) in diameter in the Midwest, southeastern, or central
United States (Fig. 1). These events span a variety of hailfall re-
port frequencies and severity, geographical regions, and seasons
that can be useful for identifying possible trends in hailstorms
and hailfall under ACC.

The historical (HIST) and PGW simulations were con-
ducted with version 4.0 of the Advanced Research Core
of the Weather Research and Forecasting model (WRF;
Skamarock et al. 2019). All experiments use nested domains
(shown in Fig. 1 in the online supplemental material), with
the outer domain having 3-km grid spacing (thus eliminating
the need for convective parameterization) and the inner do-
main having 1-km grid spacing. All analysis is conducted over
the extent of the 1-km domain for each event (shown in Fig. 1
herein). All simulations use the NSSL double-moment micro-
physics scheme (Mansell et al. 2010); in preliminary testing,
this scheme was the only double-moment scheme in the WRF
Model able to simulate the 2 in. (5.1 cm) hail that was ob-
served in the 20 May 2013 event. The inclusion of graupel and
hail as separate classes, the prediction of graupel and hail den-
sity for each grid box (allowing for more accurate fall speed
estimates), adjustments for excessive size sorting, and the in-
clusion of wet and dry hail growth processes and hail shedding
make this microphysical scheme preferrable for this study.
Due to the short (#36 h) integration time, the radiation
schemes were not modified to reflect future changes in green-
house gas emissions. Future changes in land use were also not
considered.

Understanding how the maximum hail size is calculated
within WRF is essential for interpreting the simulation results.
For double-moment microphysics schemes within WRF, the
hail size distribution is represented by the modified gamma
distribution:

N(D) 5 N0D
ae2lD, (3)

where N is the number of hailstones of diameter D, the inter-
cept (N0) and the slope (l) are predicted by representation of
the underlying physical mechanisms causing increases or de-
creases in the hailstone sizes, and the shape parameter (a) is
held constant (this work uses a 5 1 throughout). Because
gamma functions are continuous (and thus the maximum D is
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FIG. 1. Observed hail sizes and locations from the NOAA Storm Prediction Center’s
Severe Thunderstorm Event Archive for each of the events, plotted within the area of the
innermost computational domain used in the simulations upon which the analysis is per-
formed. The 20 May 2013 domain is zoomed in over central Oklahoma; the 8 July domain is
primarily over Minnesota and northern Michigan. Dot color corresponds to hail size as indi-
cated in legend.
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technically infinite), a threshold is used to distinguish between
hail concentrations that are considered “physically observable”
and those that are not (Milbrandt and Yau 2006). The WRF
Model breaks this size distribution into 50 diameter size bins,

and the maximum size is determined where the upper limit of
that size bin first attains a minimum number concentration
threshold of 53 1024 m23; i.e., one hailstone of that size over an
approximately 160-m2 area. High-resolution in situ observations

FIG. 2. Averages over domain with 1-km grid spacing at time of convective initiation of (a) CAPE, (b) CIN, (c) pre-
cipitable water (PW), (d) bulk vertical wind shear (VWS) over the 0–6-km layer, (e) melting-level height, (f) wet-bulb
temperature within the melting layer for Historical and PGW cases, grouped by event, (g) relative humidity (RH)
over the 900–700-hPa layer, and (h) RH over the 700–500-hPa layer. Grid columns with convection (i.e., integrated
simulated reflectivity . 0 dBZ) are excluded. CAPE and CIN are analogous to MUCAPE and MUCIN. WRF-
Python finds the maximum ue in the lowest 3 km and centers a parcel with a depth of 500 m over this level. Then, tem-
perature and moisture characteristics are averaged over the parcel depth and used in calculating CAPE and CIN.
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from Blair et al. (2017) support the use of the default WRF
threshold, as their high-resolution, in situ hail observations re-
ported mode and maximum size over an area less than 200 m2.
The upper limit for the largest size bin used in WRF is 7.5 cm
(2.95 in.), and thus maximum hail size is intrinsically constrained
to be at or below this size. Additionally, since hail size in the
WRF Model is derived via the hail mass, the assumption of
spherical hailstones is prone to underestimating hail diameter,
given that observed hailstones often take a more elliptical form
(e.g., Knight 1986; Heymsfield et al. 2018; Shedd et al. 2021).
Thus, the WRF simulations will not necessarily reproduce the rar-
est (i.e., largest) hailstones that may have been observed in a partic-
ular event.

3. Results

a. Environmental changes due to the deltas

As most previous work predicting hail changes under ACC
is based upon environmental parameters, a brief comparison
of the HIST and PGW environments for each event is pre-
sented to relate findings here to past studies, before analyzing
the actual PGW simulations themselves. Figure 2 shows the
average CAPE, CIN, precipitable water (PW), 0–6-km VWS,
melting-level depths and melting temperatures, and relative
humidity (RH) in the 900–700- and 700–500-hPa layers at the
time of convective initiation (listed for each event in supple-
mental Table 1) across the 1-km grid-spacing subdomain for
each event. CAPE, CIN, and PW are calculated over each
grid column using WRF-Python (Ladwig 2017) and then aver-
aged over the domain; VWS is averaged similarly but calcu-
lated using MetPy (May et al. 2022). The average melting
depth is calculated as the domain average of the height above
the ground where the wet-bulb temperature (Tw) first reaches
08C; the average melting temperature is calculated as the aver-
age wet bulb temperature over this depth. Domain averages of

RH are calculated over the 900–700 hPa and the 700–500-hPa
layers using WRF-Python.

Generally, CAPE (Fig. 2a) values are larger at the end of
the century, as commonly found in previous work studying
SCEs. Future values of CAPE are sometimes larger by sev-
eral hundred to 1000 J kg21, indicating that storm updrafts in
the PGW simulations will likely be stronger. For the 8 July
2020 event, all the GCMs predict a decrease in CAPE at the
end of the century over its small computational domain (see
Fig. 1). For the MIROC, NCAR, and NORESM PGW envi-
ronments, it is caused by drying (water vapor mixing ratios
tend to be 1 g kg21 or less compared to the HIST environ-
ment) below 850 hPa in the western part of the domain; for
the GFDL and IPSL PGW environments, strong upper-level
warming (i.e., temperature increases exceeding 108C at 250
and 300 hPa) across the computational domain limited the
depth of the positive parcel buoyancy contributing to CAPE.

Changes in CIN values (Fig. 2b) between the HIST and
PGW environments show some seasonal dependence. During
the warm season (May–August), CIN generally increases in
PGW simulations, consistent with prior studies (e.g., Hoogewind
et al. 2017; T19). In the cooler season CIN often has minor de-
creases (10 J kg21 or less), although some PGW environments
show small increases in CIN. The 10 December case has a consis-
tently moderate increase in CIN across all PGW environments.
Because convective initiation (CI) can be deterred by high values
of CIN, these environments suggest that warm-season convection
in the PGW simulations may be limited by the higher CIN values
or occur later in the day as additional solar heating is needed to
overcome it. In contrast, cool-season convection may be encour-
aged given the CIN decreases.

The average PW is larger in all the PGW environments and
over all seasons, often by 10 kg m22 or more. In the warmer
months, PW in the PGW environments exceeds 40 kg m22,
and sometimes exceeds 50 kg m22 (Fig. 2c). Li et al. (2017)

FIG. 3. Percent change in total storm area, computed as the area of a simulated column-
maximum reflectivity of 25 dBZ or greater throughout the duration of the simulation between
HIST and PGW simulations grouped by event.
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found that while total precipitation rate increased linearly
with increasing initial moisture content, the precipitation rate
of hail had a nonlinear relationship with initial moisture con-
tent, in part due to changes in cold pool characteristics that
limited the development of deep convection. Thus, it is unclear
how these increases in PW alone might affect hail production,
further justifying using the PGW method to investigate its
influence.

In contrast, the VWS is generally smaller or remains similar
when comparing the PGW environments to the HIST

environment, with one case (2 March 2012) suggesting some
increases (Fig. 2d). In all cases, the changes in VWS tend to
be small, less than 5 m s21 [as also shown by Diffenbaugh et al.
(2013) and Trapp and Hoogewind (2016)]. Recent idealized
numerical modeling work by Dennis and Kumjian (2017) and
Lin and Kumjian (2022) note the influence of VWS on hail
size by altering the horizontal wind field (and thus the trajec-
tory of hailstones through prime growth regions) that may be
precluding a more direct CAPE–hail size relationship. Varia-
tions were seen in the amount of curvature to the vertical

FIG. 4. Distribution of column-maximum updraft speeds 10 m s21 or greater for each event taken from hourly
model output. Insets for each panel zoom in on the tail of the distributions, i.e., updrafts 25 m s21 and greater. Statisti-
cally significant changes at the 90% (95%) confidence interval are denoted by * (**) and are color-coded to the simu-
lation each represents.
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profiles (i.e., hodographs) of environmental wind in addition
to the covariations in CAPE and VWS. Thus, there is some
uncertainty as to how changes in VWS seen here may influ-
ence hail size.

Among all GCM projections, there is unanimous agree-
ment toward increasing melting depths in the future for all
events (Fig. 2e), with increases of generally 15%–20% but
sometimes over 50% compared to the HIST environment.
Most notable are the increases for the northern subdomain
for the 2 March 2012 event, for which the projections of melt-
ing depth were 30% to nearly 55% greater (for this reason,
further analysis of the 2 March event will be conducted by di-
viding its computational domain into northern and southern
regions). Moreover, average wet-bulb temperatures within
those depths are always greater in the PGW environments,
typically by several degrees (Fig. 2f). Given the increased
depth for hail to melt, and the higher temperatures in this
layer, one might expect small hail to become less frequent in
the PGW simulations (as seen in M12).

Changes in the average 900–700-hPa environmental RH
generally shows PGW environments having decreases of 10%
or less relative to HIST (Fig. 2g), with the largest decreases
seen for the July and August events. The northern subdomain
for the 2 March 2012 event shows PGW environments with in-
creases in RH of 10% or greater compared to HIST, attrib-
uted to stronger moisture advection in the PGW simulations
(stronger southerly winds bringing enhanced moisture from
the Gulf region northward) in those cases. Decreases in RH
in the PGW environments may lead to increases in the effects
of entrainment in these storms. The introduction of dry air in-
duces latent cooling via enhanced evaporation/sublimation that
can then decrease buoyancy (limiting updraft strength) and/or
prevent CI (e.g., Morrison et al. 2020a; Peters et al. 2023). The
700–500-hPa RH increases in PGW environments for nearly all
events, with cold-season PGW events having slightly greater in-
creases compared to warm-season events. Jo and Lasher-Trapp
(2023) found entrainment rates of supercells to be insensitive to
environmental humidity in the midlevels, but increases in mid-
level humidity were shown to increase vertical mass flux and
surface rainfall. Based on the differences in environmental RH
shown in Fig. 2, it could be hypothesized that future PGW
storms may have weaker updrafts than anticipated by parcel
theory (resulting from decreases in 900–700-hPa RH), or in
other cases result in greater surface rainfall (based on the in-
creases in 700–500-hPa RH).

TABLE 2. The 50th and 95th percentiles of column-
maximum updraft speeds (in m s21) taken from hourly
model output for HIST and PGW simulations for each event
as well as the maximum to occur at any point during the
simulation. Simulations where the change in the distribution
of updraft speeds (as seen in Fig. 4) was significant at the
90% confidence interval are italicized; simulations with
significance at the 95% confidence interval are boldface and
italicized.

Simulation
50th

percentile
95th

percentile Max

10 Dec 2021 HIST 12.6 20.8 45.7
GFDL 12.8 22.2 33.5
IPSL 13.3 23.6 39.1
MIROC 13.9 25.7 48.9
NCAR 13.8 24.6 42.8
NORESM 14.6 29.3 55.5

10 Feb 2013 HIST 12.2 18.4 27.2
GFDL 13.4 23.5 49.9
IPSL 12.3 18.5 28.3
MIROC 12.7 21.0 38.7
NCAR 12.9 21.2 40.5
NORESM 13.1 22.3 45.7

02 Mar 2012–North HIST 13.1 23.9 44.8
GFDL 14.0 27.1 53.4
IPSL 13.0 23.6 44.0
MIROC 14.3 29.9 60.9
NCAR 13.8 27.2 60.1
NORESM 13.3 25.4 48.4

2 Mar 2012–South HIST 12.6 21.9 40.4
GFDL 12.9 21.3 37.0
IPSL 12.3 19.6 33.7
MIROC 13.6 25.8 46.4
NCAR 12.6 22.7 45.4
NORESM 13.0 22.9 41.6

19 May 2013 HIST 14.2 28.3 59.1
GFDL 14.6 31.2 68.0
IPSL 14.6 29.5 60.7
MIROC 14.6 30.3 60.5
NCAR 14.7 29.9 59.4
NORESM 14.6 28.7 54.1

20 May 2013 HIST 15.5 34.8 63.4
GFDL 16.4 39.8 77.6
IPSL 15.8 35.7 64.2
MIROC 16.0 36.8 68.6
NCAR 15.8 36.7 77.0
NORESM 16.3 38.2 76.2

8 Jul 2020 HIST 14.9 31.6 62.8
GFDL 14.5 30.0 58.6
IPSL 13.8 27.9 55.2
MIROC 14.0 29.5 56.7
NCAR 13.4 27.2 46.3
NORESM 13.7 26.6 47.9

TABLE 2. (Continued)

Simulation
50th

percentile
95th

percentile Max

10 Aug 2020 HIST 14.4 29.0 53.7
GFDL 16.3 35.7 63.9
IPSL 14.5 29.9 66.4
MIROC 14.7 30.4 68.5
NCAR 14.8 31.9 62.1
NORESM 14.7 29.6 67.1
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Overall, these environmental changes generally do not differ
from previous SCE studies [as summarized in Raupach
et al. (2021)] and are also consistent with the findings from
the studies of M12, B17, and T19 that were summarized in
Table 1: larger CAPE could support stronger updrafts and
potentially larger hail, although the updraft speeds could
in some cases be limited by enhanced entrainment effects
due to lower environmental RH. Enhanced melting may
reduce or eliminate smaller hail due to greater melting

depths and enhanced CIN in some cases could limit con-
vection altogether. Thus, the working hypothesis remains
that the PGW storms will have stronger updrafts, and
thereby larger hail (at least within the storms), but smaller
hail will be reduced due to enhanced melting. In the
following sections, this hypothesis is evaluated by com-
paring the results from the HIST and PGW simulations
from each of the seven hailstorm events (described in
section 2).

FIG. 5. Distribution of hydrometeor loading (m22s22) in all updrafts shown in Fig. 4. Insets in each panel zoom in
on the tail of the distribution, for values of hydrometeor loading 0.1 and greater. Statistically significant changes at the
90% (95%) confidence interval are denoted by * (**).
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b. Changes between the HIST and PGW simulations

1) TOTAL STORM AREA

Total storm area was computed as the horizontal area,
throughout the duration of the simulation, of simulated col-
umn-maximum reflectivity 25 dBZ or greater. Decreases in
PGW storm area are seen for nearly all events (Fig. 3) and
can be attributed in part to increases in CIN (Fig. 2b), which
result in the initiation of fewer storms in PGW simulations,
and may also be partly due to enhanced entrainment effects
resulting from the decrease in 900–700-hPa environmental
RH. The delay in CI for PGW simulations (supplemental
Table 1), which may also be an effect of entraining lower RH
environmental air, also decreases their total storm areas relative
to HIST (supplemental Fig. 2). The increases in PGW storm
area seen for the 20 May 2013 event are likely due to minimal
increases (or decreases) in CIN (Fig. 2b) and to much larger
CAPE (Fig. 2a) in the PGW environments, resulting in larger
storms. Increases in storm area for some of the PGW simula-
tions of the 8 July 2020 event may be due to the earlier CI time
seen for the PGW simulations (supplemental Table 1). While a

detailed quantitative analysis of storm morphology for all
simulations was beyond the scope of this study, there was
no obvious shift in convective mode between PGW and
HIST simulations for any event at the model resolution
used here.

2) STORM INTENSITY

The distributions of storm updraft speeds ($10 m s21) in
all HIST and PGW simulations for each event (Fig. 4) were
used as a measure of possible changes in storm intensity due
to ACC; all events except one (8 July 2020) had some PGW
storms that were stronger than the corresponding HIST
storms. The decreases seen in PGW updraft strengths for
8 July 2020 are attributed to the decreases in CAPE for those
PGW environments (Fig. 2a). Over half of the events showed
at least one PGW simulation with statistically significant in-
creases relative to HIST (at either the 90% or 95% confi-
dence interval) using a one-sided Mann–Whitney U test [as in
Gensini and Mote (2015) and B17]. The biggest shift in the
distribution of updraft speeds was the decrease in the number
of weaker (10 m s21) updrafts, with PGW storms having

FIG. 6. Maximum hail size at the surface over the domain with 1-km grid spacing, for all simulations performed for each event. Only hail
with a diameter of 0.5-in. (1.3 cm) or larger is considered.
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approximately 15% fewer (except 8 July). From there, slight
increases in the number of updrafts with speeds 15 m s21 or
greater are seen, with only a 5% difference at most in the
number of updrafts with speeds $ 25 m s21 between HIST
and PGW simulations (Fig. 4 insets).

The increase in updraft speeds in some PGW storms con-
curs with general increases in CAPE; however, the lack of a
statistically significant increase in most PGW storms is some-
what surprising. Increases in median column-maximum up-
draft speeds between HIST and PGW simulations are 2 m s21

or less for all simulations, with many only seeing increases of
less than 1 m s21 (Table 2). In fact, increases in the 95th per-
centile column-maximum updraft speeds typically are less
than 5 m s21 between HIST and PGW simulations. There is
also no evidence that cold-season events consistently have
larger increases in updraft speeds than warm-season events.

Increases in the maximum updraft speeds throughout the sim-
ulation between HIST and PGW storms present a more ro-
bust response [as in Woods et al. (2023)], although in many
cases these are well weaker than what would be expected
from the CAPE values seen in Fig. 2a and using the theoreti-
cal relationship wmax 5

�����������������(23 CAPE)√
.

Modulating factors that can obscure a direct CAPE–
updraft strength relationship include an increase in hydrome-
teor loading in the updrafts and/or entrainment, as suggested
by Trapp and Hoogewind (2016). The additional PW in the
PGW storm environments (Fig. 2c) can potentially be con-
verted into more hydrometeor mass within the updraft, reduc-
ing its buoyancy and thus strength. There is indeed greater
hydrometeor loading [calculated as 2gqT, where qT is the
total hydrometeor mixing ratio (cloud water, cloud ice, rain,
graupel, hail); as in Trapp and Hoogewind (2016)] in the

FIG. 7. (a) Percent change in total hailfall area, normalized by total storm area, between the
Historical and PGW simulations for each event and (b) hail mass in updrafts ($0 m s21) taken
from hourly output normalized by the updraft volume. Cold-season events are shown to the left,
with progression to warm-season events as one moves to the right.
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FIG. 8. Distribution of maximum hail sizes at the ground for each event, over the entire 1-km domain. Insets in
each event show the distribution for hail diameters 1.0 in. (2.5 cm) and greater. There were no statistically signifi-
cant changes for any events.
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PGW storm updrafts (Fig. 5). A consistent signal is seen for
PGW storms across all events, with decreases in the frequency
of hydrometeor loading # 0.06 m22 s22 and an increase in
the occurrence of hydrometeor loading $ 0.06 m22 s22. How-
ever, recent numerical modeling studies (e.g., Grabowski and
Morrison 2020) have shown that the reduction in buoyancy
due to precipitation loading in deep convective updrafts is of-
ten offset by the gain in buoyancy due to the release of addi-
tional latent heating of freezing from that precipitation at
higher levels in the storm (as long as the precipitation has not
fallen out). Another possible reduction in updraft speed may
also result from the entrainment of drier environmental air as
shown in Fig. 2g. Thus, contrary to the original hypothesis
that greater CAPE due to ACC will lead to stronger updrafts
and thus potentially larger hail, one might now expect that
the production of much larger hailstones may not be universal
in these PGW storms, because the storm updrafts are not al-
ways stronger, and rarely substantially stronger (Table 2).
This possibility is explored in subsequent sections of this
study.

3) HAILFALL AREA AND SIZES

Total hailfall area for each simulation was computed as the
sum of all individual hailfall swaths at the ground where hail
size was 0.5 in. (1.27 cm) or larger (supplied by the WRF out-
put variable “HAIL_MAXK1”) over the duration of the sim-
ulation (Fig. 6). Comparing the total hailfall areas between
the HIST and PGW storms for each event, changes are (un-
surprisingly) consistent with changes in total storm area in the
PGW simulations (Fig. 3). When the total hailfall area is nor-
malized by the total storm area for each simulation (Fig. 7a),
a seasonal trend emerges, with cold-season events (December
and February and the northern part of the domain in the
March case) showing an increase in event-total hailfall area
for a given amount of event-total storm area, and warm-
season events (July and August) generally showing decreases.
For the cold-season events, much more integrated hail mass is
being created within their updrafts for at least some of the
PGW simulations compared to the respective HIST simulations
(Fig. 7b). Smaller increases, or even decreases, in the hail in the
PGW storm updrafts relative to the HIST simulations occur in
the warm season events (July and August; Fig. 7b).

A seasonal trend is also seen in the WRF-diagnosed maxi-
mum hail sizes at the ground [supplied by the WRF output vari-
able “HAIL_MAXK1”; see discussion of Eq. (3) in section 2]
in the PGW simulations (Fig. 8). The cold-season events
(December and February) generally show increases in the oc-
currence of the largest hail sizes in the distribution, but no trend
toward the overall maximum sizes increasing substantially. For
all other events, the distributions of maximum hailstone sizes at
the ground shift toward smaller sizes, except for the 8 July 2020
case (in that case the increase in hail at the largest sizes might
be an artifact of quantifying the far tail of the distribution in
that case). None of these changes are statistically significant
(based on a one-sided Mann–Whitney U test), given that the
difference in maximum hail sizes at the ground between the
HIST and PGW simulations is relatively minimal. For example,

TABLE 3. The 50th and 95th percentiles of maximum hail size
(in inches 1 in. 5 2.54 cm) at the surface for HIST and PGW
simulations for each event.

Simulation
50th

percentile
95th

percentile

10 Dec 2021 HIST 0.56 0.89
GFDL 0.51 0.74
IPSL 0.55 0.85
MIROC 0.63 0.99
NCAR 0.60 0.94
NORESM 0.63 0.94

10 Feb 2013 HIST 0.59 0.91
GFDL 0.71 1.02
IPSL 0.58 0.87
MIROC 0.66 1.01
NCAR 0.65 0.99
NORESM 0.67 1.03

2 Mar 2012–North HIST 0.67 1.21
GFDL 0.67 1.11
IPSL 0.61 1.07
MIROC 0.69 1.13
NCAR 0.70 1.13
NORESM 0.64 1.18

2 Mar 2012–South HIST 0.64 1.11
GFDL 0.65 1.01
IPSL 0.57 1.03
MIROC 0.67 1.10
NCAR 0.63 1.10
NORESM 0.64 1.07

19 May 2013 HIST 0.55 0.91
GFDL 0.53 0.88
IPSL 0.52 0.87
MIROC 0.51 0.81
NCAR 0.53 0.84
NORESM 0.54 0.85

20 May 2013 HIST 0.63 1.02
GFDL 0.57 0.92
IPSL 0.62 1.00
MIROC 0.65 1.01
NCAR 0.59 1.02
NORESM 0.56 0.94

8 Jul 2020 HIST 0.51 0.74
GFDL 0.48 0.68
IPSL 0.48 0.72
MIROC 0.46 0.69
NCAR 0.46 0.68
NORESM 0.45 0.66

10 Aug 2020 HIST 0.53 0.84
GFDL 0.52 0.80
IPSL 0.49 0.73
MIROC 0.51 0.82
NCAR 0.51 0.82
NORESM 0.49 0.76
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FIG. 9. As in Fig. 8, but showing distributions of column-maximum hail sizes over the entire simulation for each
event. Insets show the distribution for hail diameters 1.0 in. (2.5 cm) and greater. There were no statistically signif-
icant changes for any events.
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the 95th percentile of the hail sizes at the surface for each simu-
lation only varies by about 60.15 in. (0.38 cm) between the
HIST and PGW simulations within each event (Table 3). This is
not unexpected given that the increases in the 95th percentile of
updraft speeds are less than 5 m s21 for nearly all PGW simula-
tions (Table 2). While it is likely that the increases in updraft
speeds for cold-season events contribute to increases in the
amount of larger hail sizes at the surface, there is no clear
distinction between the changes in cold-season versus warm-
season updraft strengths that would indicate this is the primary
cause of changes in the distribution of hail sizes.

An investigation of the distribution of maximum hail sizes in
any grid column above the ground (supplied by the WRF out-
put variable “HAIL_MAX2D”) throughout each simulation
(Fig. 9) helps to assess if the trends in the maximum hail sizes at

the surface are related to the maximum hail sizes produced
within the storms. Trends in the maximum hail sizes aloft mirror
those at the surface (Fig. 8), with cold-season events generally
showing an increase in maximum hail sizes within the storms,
and warm-season events showing a decrease. There are no sta-
tistically significant changes in maximum hail sizes in the grid
columns between the HIST and PGW simulations, for any
events. Despite the warm-season events (barring 8 July 2020)
having modestly stronger updrafts in the PGW simulations,
larger hail is not produced within those storms.

4) MELTING DEPTH AND INFLUENCE ON RAINFALL

Despite a unanimous increase in hail melting depths across
all the PGW environments for all events (Fig. 2e), it does not
appear that this is the primary cause for the shift to smaller hail

FIG. 10. (a) Percent change from HIST for the area of accumulated surface hailfall $ 1 mm
normalized by total storm area for each event. The percentage value for the 10 Feb 2013
NORESM case is 667%. (b) Percent change from HIST for the area of accumulated surface
rainfall area$ 0.01 in normalized by total storm area for each event.
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sizes in the PGW warm-season storms, given the similar de-
creases in the maximum hail sizes both aloft and at the surface.

The increase in melting depth does, however, seem to im-
pact changes in the area of hailfall accumulation (here defined
as the area over which the WRF variable “HAILNC” ex-
ceeded 1 mm) when normalized by the total storm area for
each simulation. For all events except 10 February 2013, a de-
crease in the area of hailfall accumulation occurs in the PGW
simulations relative to the HIST simulations (Fig. 10a). The
relatively smaller increase in melting depth (Fig. 2e) com-
bined with a higher frequency of the larger hail sizes at the
surface for the 10 February 2013 event, as compared to the
other events, likely cause the increases seen in Fig. 10a.

Increases in hail melting also have implications for surface
rainfall. Figure 10b shows the change in rainfall area between
the HIST and PGW simulations for each event, using the
WRF output variable RAINNC to compute the area of rain-
fall accumulations exceeding 0.01 mm when normalized by
the total storm area. Most PGW simulations generally pro-
duce a larger area of rainfall, except for the 8 July 2020 case.
However, the PGW simulations for the 10 February 2013
event have a larger area of rainfall as well, even though it also
has a larger area of hailfall accumulation (Fig. 10a). Thus, the
relationship between hail melting and rainfall accumulation is
not as clear as one might expect. However, for the warm-
season events (all except the December and February events),
increased hail melting could be directly contributing to in-
creases in rainfall. When the linear correlation is evaluated
between the sum of hourly values of total hail mass in up-
drafts exceeding 10 m s21 and either (i) event-total hailfall
mass at the ground, or (ii) event-total rainfall mass at the
ground, the correlation between hail mass in the updrafts and
rainfall mass at the ground is much greater (Table 4).

The generally higher correlation between hail mass in the
storm updrafts and rain mass at the surface, as one moves
from cold-season to warm-season events, can be attributed to
the shift to smaller hail sizes aloft in warm-season PGW
storms paired with increases in melting depth, resulting in
more rain at the surface. The relationship is not as strong in
cold-season storms where hail sizes are larger aloft and less
prone to melting completely, but hailstone shedding during
growth (e.g., Miller et al. 1988) may be contributing to some
of the increased rain mass for these events and thus obfuscat-
ing the melting effects. The best correlation for hail mass
within the storm and at the ground occurs for the 8 July 2020
event, where decreases occur for both quantities as a result of
weaker updrafts in the PGW storms, as discussed earlier.

Changes in the actual accumulated rainfall amounts across
the domain for each event (using the “RAINNC” variable
output by the WRF Model) show no clear trend between the
HIST and PGW simulations (Fig. 11). Of those PGW storm
events that do show statistically significant changes, the major-
ity are related to a shift toward lower rainfall accumulations.

4. Conclusions and discussion

This study investigated the potential influences of a warmer
end-of-century climate on changes in hail characteristics using

the event-level pseudo–global warming (PGW) approach
applied to seven historical hailstorm events over the United
States that varied in intensity, geographical location, and sea-
son. These seven hailstorm events were first simulated using
the WRF Model in their respective historical environments
(HIST simulations) and then simulated again in five different
PGW environments for each event (PGW simulations). The
PGW environments were obtained from five different CMIP5
members run under the RCP8.5 scenario. This study thus con-
siders climate projections from more GCMs than previous dy-
namical downscaling studies investigating hailstorm changes
under anthropogenic climate change. Changes in large-scale
environmental parameters evaluated from these GCM projec-
tions were found to be consistent with prior studies, generally
showing increases in CAPE, CIN, precipitable water, and
melting-level heights, and only small changes in vertical wind
shear.

PGW storms had modestly stronger storm updrafts for the
entire simulation; increases in the effects of entrainment due
to those environments containing lower humidity air from
900 to 700 hPa, as well as increases in hydrometeor loading,
may have prevented the realization of the strengths expected
from increases in CAPE in the PGW environments. Despite
modest increases in the updrafts in the PGW storms, only the
cold-season events showed an increase in hail sizes both within
the storms and at the ground. The warm-season events pro-
duced smaller hail both within the storms and at the ground.
Changes in the hailfall area at the ground also showed a sea-
sonal trend, with increases in cold-season events and decreases
in warm-season events. Increased melting depths in the warm-
season PGW environments likely contributed to greater rain-
fall from the PGW storms, particularly because of the increase
in smaller hail within those storms that would be more suscep-
tible to melting. However, there was no clear trend to suggest
that increased hailfall was a significant contributor to higher
rainfall accumulations in the simulations.

The ability to assess changes in hailfall and rainfall area is
unique to the event-level PGW method given the ability to
analyze detailed, high-resolution simulations of small spatio-
temporal events. These results suggest that future hailstorms
could potentially produce larger areas of rainfall (and in cold-
season events, larger areas of hailfall as well) for a given
amount of storm areal coverage, suggesting that the future
risk of hailfall may only increase locally. Expectations from

TABLE 4. Pearson correlation coefficients between total hail
mass in storm updrafts and total rainfall or hailfall mass at the
surface.

Rainfall mass Hailfall mass

10 Dec 2021 0.24 0.39
10 Feb 2013 0.52 0.54
2 Mar 2012–North 0.49 0.10
2 Mar 2012–South 0.58 0.60
19 May 2013 0.67 0.18
20 May 2013 0.89 20.51
8 Jul 2020 0.92 0.85
10 Aug 2020 0.8 0.20
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FIG. 11. Distribution of accumulated rainfall amounts for the simulated domain for each event.
Insets for each event show the distribution for rainfall amounts 1.5 in. (3.8 cm) and greater.
Statistically significant changes (based on a Mann–Whitney U test) at the 90% (95%) confidence
interval are denoted by * (**).
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prior studies (particularly those summarized in Table 1) were
that increases in CAPE would lead to stronger updrafts that
could support larger hail. This study found that this is (at least
partially) true for cold-season events, where larger hail sizes
were seen both aloft and at the surface. However, for warm-
season storms, smaller hail sizes were seen both aloft and at
the surface, precluding the role of increased melting depths in
the future being the main factor in altering the hail size distri-
bution at the ground in those cases.

Limitations to the current event-level PGW study are still
inevitable, largely due to the associated computational cost.
Even with using a larger number of events and predictions
from GCMs compared to prior PGW studies, an adequate
sample size is lacking to test the generality of these results.
Thus, future studies should weigh these and other limitations
against the benefits of this approach. In this regard, it is
worthwhile to continue investigating linkages between the
large-scale environment, storm kinematics, and hazards with
other methods.

The deltas in this study were constructed using the RCP8.5
scenario at the end of the century to elicit the most extreme
environmental response to ACC. Future work could utilize
lower emissions scenarios and/or midcentury projections to
gauge the response of hailstorms to these environments; doing
so would also contribute to the growing body of work aimed
at linking the large-scale environment to convective storm
hazards and has implications for storm predictability and fore-
casting. Additionally, the monthly averaged deltas used here
may not capture the more extreme environments that could
occur on individual days and may be too conservative in their
representation of a future environment.

While not unique to this study, there is uncertainty stem-
ming from the representation of microphysical processes
within numerical models. Model microphysics schemes use
rate equations to represent processes acting on hydrometeors
(i.e., evaporation of raindrops), but these rate equations are
poorly constrained, especially for processes relating to ice-
type hydrometeors (e.g., Morrison et al. 2020b). The use of a
single microphysics scheme in the current study allows for a
framework that at least keeps biases and uncertainties consis-
tent across all simulations, to focus on how ACC influences
storm processes.

Clearly, unanswered questions regarding the dominant influ-
ence in future changes in hailfall remain. As stated in Raupach
et al. (2021), process-oriented studies are needed to investigate
changes in the microphysical processes associated with hail pro-
duction. In addition to helping understand how climate change
will influence hail, such studies may help bridge the gap between
environmental conditions and hail properties. To this end, the
PGW methodology is well suited for such studies given the use
of high-resolution simulations. The current study focused on en-
vironmental and mesoscale processes, but this was insufficient to
explain the seasonal changes in hail sizes seen here. As noted in
Dennis and Kumjian (2017), a number of microphysical pro-
cesses must act in tandem with storm kinematics (e.g., a balance
between hailstone size and updraft speed to suspend them) for
optimal hail growth to occur. Competition among hailstones
growing in storm updrafts, as well as changes in updraft area/hail

growth volume can lead to changes in overall hail size as well. A
more detailed study on changes in microphysical processes is
warranted (and is underway, using these same simulations) to
further evaluate how and why hail might change due to ACC.
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