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Rising temperatures intensify drought
propagation and severity across the
contiguous United States

Check for updates

Hongxiang Yan , Ning Sun, Lili Yao, Travis B. Thurber & Jennie S. Rice

Droughts can propagate from meteorological droughts (MD) into agricultural (AD) and hydrological
droughts (HD). However, the mechanisms by which rising temperatures and changes in precipitation
amount influence MD propagation, and how these dynamics vary across U.S., are not yet fully
understood. This gap is critical given the U.S.’s diverse climates and land-use patterns, which lead to
region-specific drought vulnerabilities and impacts, such as the 2012 AD in the Great Plains and the
2014 HD in the western U.S. Using a dynamical-statistical framework, we assess warming impacts on
drought propagation. Results reveal that the Midwest and Southeast, key agricultural regions, show
the largest increases in MD propagation to AD/HD, driven by rising temperatures and declining
precipitation, though magnitudes vary regionally. In contrast, the Northeast shows reduced
propagation due to increased year-round precipitation. Higher-intensity AD/HD events become
disproportionately more likely, with rates varying by region and MD intensity.

Drought represents a multifaceted natural hazard with profound and far-
reaching impacts on agriculture, ecosystems, and socioeconomic systems1–4.
Traditionally, droughts are categorized into four distinct types5: meteor-
ological (MD), agricultural (AD), hydrological (HD), and socioeconomic
drought. Each category highlights a specific domain of drought impact,
ranging from reducedprecipitation towater supply shortages and economic
disruptions due to water scarcity. Importantly, these drought types are not
isolated but interconnected, often cascading from one form to another
through a process termed drought propagation6–8 (illustrated schematically
in Fig. 1a). MD, defined by prolonged periods of below-average precipita-
tion and often elevated atmospheric water demand, typically serves as the
precursor tootherdrought types. For instance,MDcan triggerADwhen soil
moisture becomes insufficient for crops, whichmay then progress to HD as
reduced runoff diminishes water supplies in reservoirs, rivers, and aquifers.
However, the probabilities and dynamics of drought propagation can vary
by region, as regional factors determine whether MD is more likely to
propagate to AD or HD. Studies have highlighted the complexity of these
processes, pointing to the critical role of watershed storage, base flow rates,
climate aridity, and human activities in modulating drought propagation
dynamics9–17.

Despite significant advances, a critical gap remains in understanding
how rising temperatures and changes in precipitation amount may influ-
ence the likelihood of MD propagating into AD or HD, and how these
dynamics vary across the Contiguous U.S. (CONUS) (Fig. 1b, d). This
knowledge is essential for identifying at-risk regions of drought and guiding

effective management strategies18–21. Under rising temperatures22, drought
propagation dynamics are poised to evolve in complex and unprecedented
ways. Higher temperatures will likely intensify evaporation, accelerate soil
moisture depletion, and diminish snowpack, collectively altering the fre-
quency, intensity, and duration of drought events23–26. These changes are
expected to increase the likelihoodofMDpropagating intomoreADorHD,
particularly in regions prone to rapid soil moisture depletion27–29. However,
regional variability in precipitation patterns, soil properties, and hydro-
logical responses complicates this relationship, with some areas potentially
experiencing reduced drought risk due to increased precipitation30,31.
Understanding these regional differences is critical for tailoring manage-
ment strategies and improving drought resilience. Yet, large-scale drought
studies often rely on land surface models (LSMs) whose calibration specific
to drought propagation dynamics may be limited32–38, potentially compro-
mising the reliability of drought projections39–42.

This study bridges these gaps by systematically assessing how ther-
modynamic warming may influence drought propagation probabilities
across the CONUS, using a well-calibrated LSM tailored for hydrological
simulation.We investigate howdifferentMDintensities lead to varyingAD/
HD intensities, while also identifying regionswherewarming exacerbates or
mitigates these probabilities. Meteorological forcing uses the 12-km
Weather Research and Forecasting (WRF) Thermodynamic Global
Warming (TGW) dataset43, which includes dynamically downscaled fifth
generation of European Reanalysis (ERA5) dataset44 as the historical base-
line. Future projections are generated using perturbed thermodynamics
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experiments, which modify the historical weather patterns with projected
changes in temperature and other thermodynamic variables (e.g., specific
humidity and sea surface temperature) derived from a multi-model
ensemble of Coupled Model Intercomparison Project Phase 6 (CMIP6)
global climate models (GCMs). This approach—used in the TGW simu-
lations—preserves the dynamical consistency of observed historical weather
while assessing how past extreme events, such as droughts, might evolve
under perturbed thermodynamic conditions. The projections are based on
two CMIP6 greenhouse gas emissions scenarios: SSP245 and SSP585.

TGW are integrated with the well-calibrated Community LandModel
version 5 (CLM5)45–47, a state-of-the-art LSM to predict hydrology across
464 CAMELS (Catchment Attributes and Meteorology for Large-sample
Studies)48,49 basins across the CONUS. The hydrological outputs from
CLM5 are used to characterize drought events, employing the Standardized
Precipitation Evapotranspiration Index (SPEI)50 for MD, the Standardized
Soil Moisture Index (SSMI)51 for AD, and the Standardized Runoff Index
(SRI)52 for HD. These identified drought events serve as the foundation for
developing a probabilistic drought propagation model using Bayesian
networks53,54, enabling a detailed analysis of shifting drought propagation

under warming scenarios (Fig. 1c). The Bayesian networks are well-suited
for this analysis due to their ability to effectively model conditional
probabilities53,55,56.

Results and discussion
Shifting drought characteristics
We calibrated CLM5 for each basin individually based on the basin outlet
observed streamflow48, using the Kling-Gupta efficiency (KGE) metric57.
Supplementary Fig. 1 shows theKGE values for each basin using both default
and calibrated hydrological parameters. The results indicate that the cali-
bratedparameters substantially improve thedefault runoff simulations across
the CONUS, with the most significant improvements observed in more arid
parts of CONUS, including the Great Plains and portions of the Midwest
region as defined in this study (Fig. 2a1). FollowingCLM5model calibration,
we conduct simulations for each basin under both historical and eight sce-
narios provided by TGW (2 scenario × 2 warming signal × 2 future period):
SSP245COOLER_NEAR, SSP245COOLER_FAR, SSP245HOTTER_-
NEAR, SSP245HOTTER_FAR, SSP585COOLER_NEAR, SSP585COO-
LER_FAR, SSP585HOTTER_NEAR, and SSP585HOTTER_FAR.

Fig. 1 | Illustration of drought characterization and propagation processes.
a Schematic representation of the run theory applied to drought propagation,
using meteorological drought (MD, defined by the Standardized Precipitation
Evapotranspiration Index, SPEI) and agricultural drought (AD, defined by the
Standardized Soil Moisture Index, SSMI) as an example. bDiagram showing how
MD events of varying intensity propagate to AD events under historical climate
conditions. The probability of propagation varies with MD intensity. This
example is illustrative; actual probabilities may differ by region—details are
provided in the main text. Drought intensities follow the five-category

classification of the U.S. Drought Monitor (USDM)3. c Probabilistic drought
propagation model, showing five conditional probability density functions
(PDFs) that represent the likelihood of AD intensities given a specific MD
intensity. d Example of changes in drought propagation under rising tempera-
tures. This study suggests a reduced probability of low-intensity AD and an
increased probability of high-intensity AD. This illustrative example focuses on
MD-to-AD propagation; actual regional responses and other pathways (e.g., MD
to HD) may vary and are discussed in the main text.

https://doi.org/10.1038/s44304-025-00134-y Article

npj Natural Hazards |            (2025) 2:91 2

www.nature.com/npjnathazards


Todistinguish drought dynamics across different hydrometeorological
conditions,we grouped the 464CAMELSbasins into six regions for regional
analysis across the CONUS, following the classification by Xia et al.58 (Fig.
2a1): Northwest (NW), Southwest (SW), Midwest (MW), Great Plains
(GP),Northeast (NE), and Southeast (SE). Figure 2 illustrates the changes in
precipitation, air temperature, and drought characteristics between the
historical period and two thermodynamicwarming scenarios that represent
the least and most extreme cases: SSP245COOLER_NEAR and
SSP585HOTTER_FAR. Under both scenarios, widespread temperature
increases are projected across the CONUS, though with notable regional
variations. The most significant warming is observed in the MW, where
temperatures rise by 1.7 °C under SSP245COOLER_NEAR and by 6.9 °C
under SSP585HOTTER_FAR. Detailed changes in monthly and annual
mean air temperature for each region and all future scenarios are provided
in Supplementary Figs. 2–5.Across all regions, thewarm season experiences
a greater temperature increase than the cold season, indicating a higher
frequency of extremely hot days in the future. Annual precipitation pro-
jections show an overall increase in the NW, GP, and NE, with respective
increases of 6.9%, 8.5%, and 6.3% under the SSP585HOTTER_FAR sce-
nario. In contrast, precipitation decreases in the MW and SE, with reduc-
tions of ‒6.2% and ‒11.0%, respectively, under the same scenario. These
changes, however, exhibit significant monthly variability (Supplementary
Fig. 4). Regions with strong precipitation seasonality, such as the NW, SW,
and GP, experience most of their precipitation increases during the cold
season, while the warm season sees minimal increases or even declines. In
contrast, the NE, which has the lowest precipitation seasonality across the

CONUS, exhibits a relatively consistent precipitation increase across both
cold and warm seasons.

As shown in Fig. 2, despite projected increases in annual precipitation
in some regions, all regions experience longerMDtotal duration and greater
mean severity (i.e., longer-lasting and more intense). This suggests that
rising temperatures, likely through enhanced potential evapotranspiration
(PET), play a significant role in intensifying MD characteristics, even off-
setting the effects of increased precipitation in some regions. This under-
scores the importance of incorporating temperature in characterizing MD.
Supplementary Fig. 6 presents the frequency ofMD in each calendarmonth
for both the historical period and the eight future scenarios. Across all six
regions, MD increases more significantly during the warm season than the
cold season, aligning with the fact that temperature increases are more
pronounced in the warm season. For example, in theMW region under the
SSP585HOTTER_FAR scenario, the occurrence probability of MD is pro-
jected to increase from 0.32 under historical conditions to 0.95 in August
and from 0.34 to 0.37 in January. The compounded effects of higher tem-
peratures and reduced precipitation result in the largestMD increases in the
SW,MW, and SE, with total durations andmean severities increasing by up
to 70% and 400%, respectively, under the SSP585HOTTER_FAR scenario.

A similar pattern is observed for AD and HD in monthly fre-
quency, with the warm season showing a greater increase in AD and
HD frequency than the cold season. However, in some regions, such as
NW,where precipitation is increasing, AD andHDdecrease in the cold
season but increase in the warm season (Supplementary Figs. 7 and 8).
In contrast to MD, changes in the duration and severity of AD and HD

Fig. 2 | Changes in precipitation, air temperature, and drought characteristics
across each basin in the CONUS. Two scenarios with the least (SSP245COO-
LER_NEAR) and most (SSP585HOTTER_FAR) impacts are shown here as exam-
ples. Basins are divided into six regions for the regional analysis. a1–d1 Warming
impacts on mean air temperature and annual precipitation. a2–d2 Warming
impacts on MD characteristics (total duration and mean severity). a3–d3Warming

impacts onADcharacteristics. a4–d4Warming impacts onHDcharacteristics. Note
that the air temperature and precipitation changes shown are mean annual values;
seasonal patterns can differ significantly. For example, in the SW, projections
indicate wetter winters and drier summers. See Supplementary Figs. 2–5 for seasonal
air temperature and precipitation changes.
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exhibit stronger regional variations. As shown in Fig. 2, theMWand SE
experience significant increases in total AD andHDduration andmean
severity. Meanwhile, the NW, GP, and NE show either decreases or
moderate increases in total duration due to rising annual precipitation,
though mean severity still increases considerably under the
SSP585HOTTER_FAR scenario. In the NE region, only the
SSP245COOLER_NEAR scenario shows a decrease in mean severity.
AD and HD also display distinct regional responses in annual fre-
quency (Supplementary Figs. 10–15). In the NW and SW, the annual
frequency of HD decreases while AD increases. The NE experiences
declines in the annual frequency of both AD and HD, whereas the SE
sees increases in both. The MW and GP show greater variability in the
direction of change in AD and HD across the eight future scenarios,
underscoring the complexity of drought propagation in these regions.
For example, in the GP region, the annual frequency of AD increases
moderately in three scenarios (SSP245COOLER_NEAR,
SSP245HOTTER_NEAR, and SSP585HOTTER_NEAR), decreases
moderately in another three scenarios (SSP245COOLER_FAR,
SSP585COOLER_NEAR, and SSP585HOTTER_FAR), and shows no
change in the remaining two scenarios (SSP245HOTTER_FAR and
SSP585COOLER_FAR). Despite these regional differences, the mean
severity of AD and HD is projected to rise across all regions (except for

a few scenarios in the NE), suggesting a higher likelihood of experi-
encingmore severe AD andHD events across the CONUS, even as their
occurrence frequency varies significantly.

Shifting drought propagation probabilities
Under thermodynamic warming, the lag times betweenMD-AD andMD-
HD events are projected to increase across all six regions (Supplementary
Fig. 16), indicating thatMD events will take longer to propagate into AD or
HD events. This shift may be attributed to the projected increase in the
duration ofMDevents (i.e., they start earlier and last longer). Consequently,
a single MD event may trigger multiple AD or HD events, leading to
extended lag times. Figure 3 illustrates the changes in drought propagation
probabilities into AD and HD (including all categories D0–D4) following
the occurrence of a D1MD across all eight scenarios. We use D1MD as an
example because, under historicalmeteorological conditions, themeanMD
intensity across all regions is D1, representing the expected historical
baseline (Supplementary Table 6). However, the mean MD intensity is
projected to increase in the future, reaching D2 or D3 in some regions.

Figure 3 shows that theMWand SE, which are projected to experience
rising air temperatures and decreasing annual precipitation, exhibit the
largest increases in drought propagation probabilities for bothMD-AD and
MD-HD.However, themagnitudeof these increases varies by scenario,with

Fig. 3 | Projected changes in drought propagation probabilities. Scatterplot
showing the projected changes in mean air temperature and mean annual pre-
cipitation under the eight scenarios, along with the percentage change in propaga-
tion probabilities. Barplot summarizing the regional differences in changing drought
propagation probabilities across eight scenarios. a D1 meteorological drought

propagates to agricultural drought (including all D0–D4 events). b D1 meteor-
ological drought propagates to hydrological drought (including all D0–D4 events).
Note that different colormap scales are used for each subplot due to the significant
differences in probability values among them.
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the highest probability increases occurring under the SSP585HOTTER_-
FAR scenario. Specifically, under the SSP585HOTTER_FAR scenario, the
changes inMD-ADprobabilities are 14%, 22%, 40%, 11%, ‒8%, and 54% for
the NW, SW, MW, GP, NE, and SE, respectively, while under the
SSP585HOTTER_FAR scenario, the changes in MD-HD probabilities are
4%, 10%, 19%, 0.7%, ‒1%, and 19% for the same regions. It is interesting to
observe that although the NW, GP, and NE are all projected to experience
increased annual precipitation across all eight scenarios, their responses
differ significantly. In the NE, consistent seasonal increases in precipitation
and low precipitation seasonality lead to fewer AD and HD events
throughout the year (Supplementary Table 6), reducingMD-AD andMD-
HD propagation probabilities, even under the SSP585HOTTER_FAR sce-
nario. In contrast, the NW, characterized by high precipitation seasonality
and most of the increase occurring during the cold season, experiences
higher drought propagation probabilities for both MD-AD and MD-HD
due to more frequent AD and HD conditions during the warm season.
Similarly, the SW,which alsohas highprecipitation seasonality like theNW,
shows an increase in drought propagation probabilities despite inconsistent
precipitation projections—half of the scenarios indicate increases, while the
other half suggest decreases.

The GP region, however, presents a distinct response due to its
relatively low precipitation seasonality and existing hydrological condi-
tions. While annual precipitation increases moderately, summer pre-
cipitation declines, and air temperatures rise consistently across all
seasons (Supplementary Figs. 2–5). These changes result inmore frequent
AD conditions during summer and fall, potentially increasing MD-AD
propagation probabilities. However, several hydrological factors con-
tribute to the decline in MD-HD propagation probabilities. First, the GP
has the lowest runoff in the CONUS, and historical summer runoff in
small CAMELS basins is alreadyminimal. Since streamflowdeficits define
hydrological drought, the already low baseline runoff means that addi-
tional drying does not significantly exacerbate HD conditions—there is
little runoff left to decline further. Second, while summer precipitation
decreases, precipitation increases during other seasons help replenish soil
moisture and sustain baseflow, mitigating prolonged hydrological
drought conditions. Third, the region’s low precipitation seasonality
prevents extreme wet-dry shifts that would otherwise amplify MD-HD
transitions. Collectively, these factors reduce the likelihood that an MD
event progresses into an HD event, despite increased temperatures and
seasonal drying. However, we acknowledge that drought propagation
results in highly arid regions, such as the GP, can be particularly sensitive
to the calibration of soil and surface runoff parameters due to the inher-
ently low runoff conditions. This sensitivity represents one of the key
limitations of our study. Uncertainty in CLM5 parameterization can
significantly influence hydrological responses and contribute to variability
in drought propagation outcomes. In this study, we employed a deter-
ministic set of calibrated parameters chosen to best reproduce observed
hydrologic behavior at eachbasin.However,we recognize the limitation of
not explicitly quantifying the effects of parameter uncertainty on pro-
jected hydrologic changes, an important and active area of hydrologic
modeling research. For instance, Yan et al.47 demonstrated that uncer-
tainty in CLM5 surface runoff and soil parameters plays a critical role in
simulating low-flow conditions, with significant implications for drought-
related decision-making. Eldardiry et al.38 further emphasized that, when
comparingmeteorological forcing andCLM5 parametric uncertainty, the
latter often dominates uncertainty in low-flow simulations. Building on
this, Yan et al.42 developed an ensemble-based, spatially distributed CLM5
parameter framework across CONUS and found that the large behavioral
parameter space for low flows highlights the challenge of parameter
equifinality in drought modeling. To date, the influence of CLM5 para-
meter uncertainty within the broader multi-model projection chain
remains understudied, likely due to the substantial computational
demands of large ensemble simulations. Future research should explicitly
explore how parameter uncertainty affects hydrologic projections, parti-
cularly under warming scenarios.

Finally, we generated cumulative distribution functions (CDFs) for
drought propagation, capturing each intensity category of AD and HD
following an MD event across different intensities. Supplementary Figs.
17–26 present detailed probability values for each AD and HD intensity
givenD0–D4MDevents. Figure 4 illustrates the drought propagationCDFs
for each intensity category of AD and HD following a D1 MD event. This
intensity level was selected as an illustrative example because it represents
the mean MD intensity under historical meteorological conditions across
the CONUS. While the regional patterns resemble those in Fig. 3, Fig. 4
provides more specific insights into the probable drought intensities and
their associated probabilities under eight future scenarios. In the NW, the
probability of MD-AD propagation following a D1 MD event increases
from 0.49 under historical conditions to 0.52–0.56 in future scenarios,
representing a 5.8–13.8% increase. Conversely, in the NE, the probability of
MD-AD given a D1 MD event decreases from 0.46 to 0.36–0.42, with
reductions observed across nearly all drought intensity categories. The
largest increase occurs in the SE,where the probability rises from0.45 under
historical conditions to as high as 0.69 under the SSP585HOTTER_FAR
scenario. However, when examining drought propagation across different
intensity categories, notable variations emerge. Specifically, under the
SSP585HOTTER_FAR scenario, the probability of D0 AD declines, while
probabilities for more intense drought categories (D2, D3, and D4 AD)
increase across all regions. For other scenarios, however, regional variations
exist. For instance, in the SP245COOLER_NEAR scenario, the NE region
shows a decrease inD2 probability. Nevertheless, the overall trend indicates
a future shift toward more severe AD conditions, consistent with findings
across other MD intensity categories (Fig. 1b, d).

For MD-HD propagation, Fig. 4 reveals generally higher probabilities
compared toMD-AD. This reflects a stronger causal link betweenMD and
HD compared to MD and AD. This finding is consistent with the
literature59,60, showing that AD generally responds to MDmore slowly and
less frequently. This is because soil moisture deficits are influenced by the
interplay of precipitation, evapotranspiration, soil properties, and ante-
cedent moisture conditions, resulting in a more buffered and delayed
response. Similar to MD-AD propagation, MD-HD propagation generally
shows an increased likelihood of higher-intensity HD categories and a
decreased likelihood of lower-intensity ones. However, exceptions exist in
some regions. For instance, under the SP585HOTTER_FARscenario, in the
NW region, the probability of a D0 HD event following a D1 MD event
decreases by 0.40%, while the probabilities of D2, D3, and D4 HD events
increase by 11.2%, 14.0%, and 7.4%, respectively. In contrast, in the MW
region, the probability of aD0HDevent following aD1MDevent decreases
by 7.0%, but the D4 HD probability also declines by 23.7%. This is likely
because relatively few D1 MD events in the MW have led to extreme HD
intensities, limiting the frequency of such transitions. However, as the
initiating MD events intensify, the propagation patterns between MD-AD
andMD-HD becomemore aligned, with a more proportional likelihood of
higher intensity. Notably, under SSP585HOTTER_FAR in the MW, the
probability of a D3 HD event following a D3 MD event is projected to
increase by 75.4%, while the probability of a D4 HD event rises by 31.7%.
Given that future MD intensities are projected to be higher—shifting from
D1 toward D2 and D3 in some regions—these findings suggest that MD-
HD propagation will also result in more persistent and severe HD condi-
tions in the future.

In summary, our results reveal considerable regional variations in
drought propagation probabilities across the CONUS, highlighting the
complex interplay between temperature, precipitation, seasonality, and
drought intensity. Understanding these regional patterns in drought pro-
pagation probabilities is essential for informing riskmanagement strategies.
While rising temperatures are projected to intensify MD across all regions,
their effects on AD and HD propagation differ. For example, the MW and
SE show the largest increases in MD-AD and MD-HD propagation prob-
abilities, driven by warming temperatures and declining precipitation. In
contrast, regions with distinct precipitation seasonality—such as the NE,
where precipitation increases consistently across all seasons, and the NW,

https://doi.org/10.1038/s44304-025-00134-y Article

npj Natural Hazards |            (2025) 2:91 5

www.nature.com/npjnathazards


where increases are concentrated primarily in the cold season—exhibit
more complex propagation patterns, emphasizing the importance of local
meteorological factors in shaping drought risks. These regional variations
have significant implications for both water management and agri-
culture. The MW and SE, which include key agricultural regions in
the U.S., face heightened risks of crop failure and water shortages due
to increased drought propagation. This calls for targeted drought
management strategies, such as improved water resource manage-
ment, development of drought-resistant crops, and adaptive agri-
cultural practices to enhance resilience in these crucial food-
producing areas. Conversely, regions such as the NE, where pre-
cipitation is more consistent year-round, show reduced drought
propagation probabilities, suggesting greater resilience to the impacts
of thermodynamic change.

Thermodynamic change alters drought propagation dynamics, with
significant implications for both natural ecosystems and human-managed
environments. The increasing likelihood of MD triggering more severe AD
and HD necessitates a deeper understanding of their cascading effects,
particularly in regions prone to compound extreme events. These drought
propagation CDFs offer useful insights for technology transition and risk
assessment. Understanding these probabilities allows stakeholders to
anticipate potential drought impacts and incorporate them into decision-
making frameworks, such as cost-loss models, where the benefits of early
intervention can be weighed against the risks and costs of inaction. In
particular, the increasing likelihood of drought propagation highlights the
need for enhanced early warning systems and proactive adaptation strate-
gies tomitigate future drought risks. Seasonal to sub-seasonal drought early
warning systems are essential for proactive droughtmanagement, providing

Fig. 4 | Propagation probabilities following the occurrence of a D1 meteor-
ological drought. aMeteorological drought to agricultural drought (AD).
bMeteorological drought to hydrological drought (HD). The nine cumulative dis-
tribution functions (CDFs) represent the historical scenario and eight future

projection scenarios. The probability of each AD/HD intensity level—from D0 to
D4—can be estimated by calculating the difference between corresponding points on
the CDFs.
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water resource managers, farmers, and policymakers with critical lead time
to implement adaptive strategies and mitigate potential impacts. Our
findings, particularly the increasedprobabilitiesofMDpropagating intoAD
and HD, as well as the trend toward higher-intensity drought outcomes,
highlight important changes in the future drought risk landscape. Fur-
thermore, the projected increase in lag time between the onset of MD and
the development of AD andHD impacts underscores the need for extended
forecasting horizons and the development of region-specific risk indicators
that account for evolving propagation dynamics and intensities. For
example, in the GP, themean lag time betweenMD andAD increases from
1.4 months under the historical climate to 3.4 months under the
SSP585HOTTER_FAR scenario.

It is important to note that this study uses the six-region classification
of CONUS based onXia et al.58 to aggregate basins for probabilistic analysis.
While this framework provides a reasonable basis for regionalization, it
inevitably groups together basinswith distincthydroclimatic characteristics.
For example, the MW region includes both humid eastern areas and more
arid or semi-arid western areas commonly associated with the North Great
Plains. Aggregating basins across diverse hydroclimatic zones may obscure
important sub-regional differences in drought propagation dynamics. As
shown in Fig. 2, heterogeneous patterns in drought characteristics such as
duration and severity are evidentwithin each region. Therefore, the regional
results presented here should be interpreted as average headwater basin
conditions and responses, which may underrepresent localized vulner-
abilities or more complex sub-regional behaviors. To better capture these
sub-regional differences, future studies could consider adopting finer-scale
regional classifications for analysis.

In this study, we specifically chose SPEI to represent MD because it
accounts for temperature-driven changes in atmospheric moisture demand
(via PET),which alignswith our focus on thermodynamicwarming impacts
on drought propagation. For comparison, we also used the Standardized
Precipitation Index (SPI) index to characterize MD, and the results versus
MD using the SPEI index are shown in Supplementary Fig. 9. The com-
parison between SPEI and SPI results highlights the critical role of tem-
perature in aggravating futureMD conditions. BothMD total duration and
mean severity show substantial increaseswhen using SPEI compared to SPI.
For example, under the SSP245COOLER_NEAR scenario, the increase in
annual precipitation in the NE region leads to a decrease in MD total
duration and mean severity in most basins when using SPI, while SPEI
shows an increase in both metrics in the same basins. However, SPI alone
may fail to identify MD events in regions where temperature increases
significantly alter moisture demand. For instance, in basin 11124500 near
Santa Barbara, CA, during June 2016, a record-breaking heatwave occurred,
Burbank reached 44 °C, severely impacting local agriculture. Precipitation
for that month is generally zero, resulting in an SPI-1 of –0.03 (normal),
while the SPEI-1 was –1.85 (D3 MD), more accurately capturing the
drought stress. This reflects a common issue in the western U.S., where
summers typically receive little precipitation, and high-temperature-driven
droughts may be misrepresented, or entirely missed, when using SPI alone.
Consequently, using SPI can underestimate MD intensity during drought
propagation, potentially causing a mismatch where less severe MD events
appear to trigger more severe AD or HD events. This can bias results,
especially since AD and HD are also influenced by vapor pressure deficit.
The importance of including temperature in MD characterization has also
been emphasized inprevious studies8,61,62,which show that indices excluding
temperature can underestimate drought intensity and impacts, especially
under warming conditions. While the Palmer Drought Severity Index
(PDSI) is also widely used to characterizeMD events, we chose not to use it
in this study due to its limitations across diverse climatic and geographic
regions. PDSI is highly sensitive to calibration parameters and local soil
characteristics, which undermines its reliability for spatial comparisons
across basins with differing hydrological conditions63,64. In contrast, stan-
dardized drought indices such as SPEI and SPI have been recommended by
the World Meteorological Organization as key drought indicators due to
their transparency and extendibility for multi-scalar analysis65.

Lastly, a limitation of this study is the use of root-zone soil moisture to
represent agricultural drought, which does not capture plant physiological
responses under rising CO₂. While root-zone soil moisture is a useful
hydrological indicator, it does not differentiate between plant functional
types or account for CO₂-driven changes in additional vegetation growth
and stomatal behavior66,67. Alternative vegetation-based metrics, such as
Gross Primary Productivity, may better represent plant stress due to water
availability68,69. Moreover, this study uses CLM5 in Satellite Phenology (SP)
mode, which relies on satellite-derived phenology and is computationally
efficient but does not simulate dynamic vegetation or CO₂ fertilization
effects. Future research should explore the implications of rising CO₂ and
plant physiological feedbacks using models such as CLM5-Biogeochem-
istry, which explicitly represent these processes and can improve under-
standing of agricultural drought risk, particularly in terms of crop yield and
productivity. Due to the limited availability of in-situ root-zone soil
moisture data and the constraint that satellite products primarily provide
surface soil moisture, estimating the full drought propagation chain, espe-
cially MD to AD, requires model-based approaches. This study used
observed streamflow to calibrate theCLM5model for eachbasin, improving
themodel’s ability to replicate historical hydrologic processes and increasing
confidence in its projections of future drought propagation.Nonetheless, we
acknowledge that direct observations provide amore robust understanding
of historical drought propagation, particularly the transition from MD to
HD, and that these may differ slightly from model-based estimates. Future
studies could benefit from incorporating hydrologic data assimilation
techniques21,70–74 to improve the reconstruction of historical root-zone soil
moisture and enhance our understanding of drought development. Addi-
tionally, remote sensing indicators such as vegetation optical depth from
microwave sensors can complementmodel estimates by providing spatially
continuous insights into vegetation responses to drought8.

Methods
Study basins
The CAMELS data sets48,49 build upon the previous Model Parameter
Estimation Experiment (MOPEX) data sets75 by incorporating 671 head-
water basins withminimal human influence across the CONUS. These data
sets provide high-quality, unregulated daily streamflow measurements for
each basin from 1980 to 2014. Additionally, they include basin area infor-
mationderived fromtwo independent sources: thenational geospatial fabric
polygon76 and the United States Geological Survey Geospatial Attributes of
Gages for Evaluating Streamflow version II database77. For this study, we
selected464 basinswhere the difference in basin area estimates from the two
sources was less than 2%, following the recommendation of Addor et al.48.
This criterion ensures consistency in basin delineation, which is critical for
accurate hydrological modeling. The spatial distribution of these selected
basins (Fig. 2) captures the diverse hydroclimatic gradients of the CONUS,
spanning regions suchas thePacificNorthwest,Northeast,GreatPlains, and
more. The selected basins vary widely in size, ranging from approximately
4 km2 to 25,791 km2, with a median area of 436 km2. Their mean elevations
also exhibit significant variability, from as low as 15m in the Delaware
region to as high as 3529m in the Southern Rocky Mountains, with a
median elevation of 458m. This broad range in physiographic character-
istics ensures that our study encompasses a representative sample of the
diverse hydrological conditions across the CONUS.

Dataset
The TGW dataset provides dynamically downscaled meteorological pro-
jections for the CONUS, covering a 40-year historical period (1980–2019)
and two 40-year future periods: NEAR future (2020–2059) and FAR future
(2060–2099). These future projections are based on simulations driven by
twoCMIP6 greenhouse gas emissions scenarios: SSP245,which represents a
stabilization pathway withmoderatemitigation efforts, and SSP585, a high-
emissions scenario characterized by continued fossil fuel use and minimal
climate mitigation. For the historical period, the WRF model (version
4.2.1)78 was used to dynamically downscale the ERA5 reanalysis dataset44 to

https://doi.org/10.1038/s44304-025-00134-y Article

npj Natural Hazards |            (2025) 2:91 7

www.nature.com/npjnathazards


a spatial resolution of 1/8° (~12 km). For the future projections, the TGW
simulations employ the perturbed thermodynamics experiments, which
modify historical weather patterns based on projected thermodynamics
changes such as temperature and humidity derived from a multi-model
ensemble of CMIP6 GCMs. This approach preserves the dynamical con-
sistency of past weather while simulating how extreme events may shift
under perturbed thermodynamics.

In the TGW framework described by Jones et al.43, CMIP6 models are
selected based on several key criteria to ensure robust and representative
thermodynamic signals. The selection process is based on three main cri-
teria: model performance over the CONUS, availability of required vari-
ables, and institutional independence. Models are first filtered to include
only those ranked among the top 25 in a comprehensive performance
assessment. From this subset, only those providing all necessary monthly
variables—air temperature, near-surface air temperature, skin temperature,
relative humidity, and sea surface temperature—for both SSP245 and
SSP585 scenarios are retained. Depending on data availability, one to five
ensemble members are used per model. To maintain model independence
and avoid over-representation of structurally similar models, only one
model per institution is included. The final set consists of NorESM2-MM,
GISS-E2-1-G, GFDL-ESM4, ACCESS-ESM1-5, CNRM-CM6-1-HR,
UKESM1-0-LL, HadGEM3-GC31-LL, and CanESM5. These models are
further grouped into high- (HOTTER) and low-sensitivity (COOLER)
categories based on projected changes in CONUSmean temperature under
SSP585. Thermodynamic change signals are calculated using monthly
GCMdata, and ensemble means are computed separately for the high- and
low-sensitivity groups.

The TGW dataset provides high-resolution climate data, including
25 hourly variables and over 200 three-hourly variables at 12 km spatial
resolution acrossCONUS.Keyvariables include temperature, precipitation,
humidity,wind speed, and radiation, amongothers, supporting awide range
of hydrological and atmospheric research applications. A significant
advantage of this dataset is its ability to assess how specific historical climate
events might evolve under future thermodynamic warming, making it a
useful tool for extreme event impact assessment and adaptation planning.
For a detailed description of TGWand its implementation, see Jones et al.43.
Validation of the historical TGW simulations against observational data is
provided in Srivastava et al.79. Their findings indicate that TGW performs
comparably to ERA5 in capturing the timing and magnitude of the diurnal
precipitation peak acrossmost of CONUS. Additionally, TGWsignificantly
improves the accuracy of both the timing andmagnitude of the annual cycle
of monthly mean precipitation compared to ERA5.

CLM5 configuration and calibration
The structure of the CLM5 model has been comprehensively detailed in
previous studies45,80, so we do not reiterate it here. In this study, we employ
the recently developed CLM5-Perturbed Parameter Ensembles (PPE)
version81,82 to conduct land surface simulations, which allows users to per-
turb the default hard-coded parameters within CLM5. CLM5-PPE is con-
figured for each CAMELS basin and land surface data input such as land
type and plant functional types are acquired from the CLM5 default con-
figuration at a 1/8° grid cell resolution across the CONUS45. At these same
CAMELS basins, Yan et al.46,47 conducted an extensive diagnostic evaluation
of CLM5 hydrological parameter uncertainty, analyzing large ensemble
simulations for 15 hydrological parameters that encompass a wide range of
hydrological processes, including canopy water, surface water, soil water,
subsurface water, snow, and evaporation. Their findings suggest that the
default CLM5 hydrological parameters lead to poor to moderate runoff
predictions, particularly in arid regions, underscoring the need for model
calibration in hydrological applications. In themodel calibration, we use the
Latin Hypercube Sampling method to sample 1500 hydrological parameter
sets from their uniform prior distributions, as identified by Yan et al.47,
resulting in a total of 1500 × 464 = 696,000 CLM5 runs. We then select the
hydrological parameter set that yields the highest KGE57 for each basin. The
KGE is a weighted metric that assesses model performance in terms of

correlation, mean bias, and variability bias and is widely used in drought
applications53,83,84. TheKGE ranges from ‒∞ to 1, with a value of 1 indicating
a perfect match between observations and simulations. As suggested by
Dagon et al.81, each CLM5 simulation is spun up for 15 years to equilibrate
all state variables. Both historical and future simulations use the same initial
conditions to maintain consistency.

We acknowledge that the Noah LSM is coupled with WRF and pro-
vides land surface variables for downscaling. However, Noah LSM is not
calibrated or validated for hydrologic predictions in our study basins. Our
WRF setup is intended primarily to provide downscaled climate forcing
rather than accurate hydrological simulations. The lack of calibration can
lead to considerable biases in historical drought simulations that propagate
into future projections, as pointed out in previous studies33–35. Compared to
Noah, CLM5 offers a more comprehensive and physically based repre-
sentation of hydrological processes85. However, Yan et al.47 demonstrated
that using default parameters in CLM5 can still lead to substantial biases in
streamflow simulations, particularly in arid regions. In this study, we
address this challenge by couplingWRFoutputswith individually calibrated
CLM5 models for each CAMELS basin using resources at DOE-NERSC
(U.S. Department of Energy’s National Energy Research Scientific Com-
puting Center). The calibrated CLM5 models significantly improve
streamflow simulation (Supplementary Fig. 1), enhancing both the repre-
sentation of historical hydrological processes and the credibility of future
drought projections. Nonetheless, this approach does not account for
land–atmosphere feedbacks, which may influence drought dynamics in
certain regions and warrant further investigation.

Drought characterization
Weuse the StandardizedPrecipitationEvapotranspiration Index (SPEI)50 to
characterizemeteorological drought, calculated from the difference between
precipitation and potential evapotranspiration (PET). Unlike the Standar-
dized Precipitation Index (SPI)86, SPEI accounts for the balance between
water input (precipitation) and water loss (PET), offering a more precise
measure of moisture availability compared to SPI. This distinction is par-
ticularly significant in regions where increasing temperatures could elevate
evapotranspiration rates, exacerbating drought conditions even if pre-
cipitation remains unchanged, as observed during summer in the western
U.S.61,87–89. The hourly PET data are calculated using the Penman–Monteith
method90 based on the TGW. To characterize agricultural and hydrological
droughts, we use the Standardized Soil Moisture Index (SSMI)51 and the
Standardized Runoff Index (SRI)52, respectively. These indices are derived
using root-zone soil moisture (<1m) and total runoff simulated by CLM5.
SPEI, SSMI, and SRI are calculated similarly byfitting a selecteddistribution
to the data for each month, computing the CDF, and transforming it using
the inverse of the standard normal distribution. Following the approach
used for SPI to address zero precipitation values91, zero runoff values in the
SRI calculation were explicitly treated using a mixed distribution H zð Þ:

H zð Þ ¼ qþ 1� q
� �

GðzÞ ð1Þ

where q is the probability of zero runoff and G zð Þ is the CDF of the fitted
distribution for z > 0. To address near-zero runoff values produced by
numerical artifacts in CLM5,monthly runoff values less than 0.01mmwere
set to zero prior to SRI calculation.

Using the L-moment ratio diagram method92,93, we identify the gen-
eralized logistic (GLO), generalized Pareto, and Pearson Type III distribu-
tions as the best-fit among 11 candidate probability density functions
(PDFs) (see Supplementary Table 18) for SPEI, SSMI, and SRI, respectively,
across most basins in the CONUS. These distributions are therefore
employed in this study. Note that the PDF parameters are derived from the
historical period simulation, and the same PDFs are applied to all eight
future simulations. Although both single-month and multi-timescale
standardized indices (e.g., 3-, 6-, and 12-month) can be used to define
drought events, multi-timescale indices often introduce significant infor-
mation overlap (e.g., SPEI-3 for April includes data from February, March,
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and April, which partially overlaps with SPEI-3 for May), potentially
inflating drought duration and severity in propagation analysis. To avoid
this,we employ 1-monthSPEI, SSMI, andSRI indices to characterize thedry
and wet states. While this approach effectively captures the timing and
propagation of drought events, consistentwith prior studies16,94,95, itmaynot
fully capture flash droughts, which evolve on a weekly scale96. These rapid-
onset events, oftendrivenby a combinationof highevaporativedemandand
precipitation deficits, can intensify quickly and severely impact agricultural
systems before standard drought indices detect them. Recent research has
identifiedflashdroughts as a criticalmechanismofAD intensificationunder
rising temperatures41,97. Consequently, the use of a 1-month timescale in this
study, while appropriate for characterizing broader drought evolution, may
underestimate future AD risk by missing these short-lived but high-impact
events. This suggests our results may represent a conservative estimate of
future drought-related agricultural vulnerability.

After calculating the SPEI, SSMI, and SRI, we apply run theory98 to
extract drought events from the three drought index series (Fig. 1a).
Drought intensity is classified into five categories based on theU.S. Drought
Monitor (USDM)3: D0 (abnormally dry, ≤‒0.5), D1 (moderate drought, ≤‒
0.8), D2 (severe drought, ≤‒1.3), D3 (extreme drought, ≤‒1.6), and D4
(exceptional drought, ≤‒2.0). Tominimize the impact of minor, potentially
interdependent droughts on our analysis, drought events with intervals of
less than 3 months between their end and onset are merged into a single
event13,99. Figure 1a illustrates that drought event duration is the total period
fromonset to end, severity is the sumof index values formonths with SPEI/
SSMI/SRI ≤‒0.5, and intensity is the severity divided by duration. The next
step involves matchingMD-AD andMD-HD drought propagation events.
If an AD/HD onset occurs within the duration of an MD, the MD is
considered tohave triggered theAD/HD, and the lag time is calculatedas the
difference in the timing of their occurrences (Fig. 1a). Multiple MDs may
precede or coincide with an AD/HD, and multiple AD/HDs may occur
during a single MD. These cases are also considered matched drought
events16,100. Given the basin’s inherent regulatory capabilities, not all MDs
will trigger AD/HDs.

Probabilistic drought propagation model
The propagation model uses Bayesian networks to capture the conditional
dependencies between matched MD-AD and MD-HD events. The core of
this propagation model is to predict the distribution of AD/HD following a
specificMDintensity (Fig. 1c).Due to the limitednumberofmatched events
in each individual basin, we employ regional analysis to compensate for the
sparse data by pooling matched drought events from all basins within each
region. Consequently, each region across the CONUS has its own propa-
gation model. To estimate the joint distribution betweenMD and AD/HD,
we use a copula function101,102, which is a multivariate distribution function
for uniformly distributed variables over the interval [0, 1]. While the
mathematical properties of copula functions are well-documented54,103,104,
we provide a brief overview here. In the following, we use MD-AD as an
example, and a similar procedure is applied to MD-HD.

LetX represent theMD intensities andY represent the AD intensities.
According to Sklar’s theorem105, a bivariate distribution can be expressed
using a copula function as follows:

FX;Y ðx; yÞ ¼ C FX xð Þ; FY y
� �� �

ð2Þ

whereC is the CDF of copula, FX xð Þ and FY y
� �

are themarginal CDFs ofX
and Y . The conditional PDF f YjXðyjxÞ is then derived as:

f YjXðyjxÞ ¼ c FX xð Þ; FY y
� �� � � f Y ðyÞ ð3Þ

where c is the PDF of the copula function and f Y ðyÞ is the PDF of marginal
distirbution for AD intensities. As shown in Fig. 2c, once the conditional
PDF for a specificMD drought intensity (e.g., D1) is obtained from Eq. (2),
the probability that the AD intensity is less than a threshold, i.e.,
FYjXðY < yjX ¼ xÞ, is computed as the area under f YjXðyjxÞ for Y < y.

Among various copula families, the Archimedean and elliptical families are
commonly used in drought applications106. In this study, we consider
Gaussian and t copulas from the elliptical family, and Clayton and Frank
copulas from the Archimedean family. Based on the parametric boot-
strapping goodness-of-fit test107,108, the Frank copula provides the best fit for
most regions for both MD-AD and MD-HD events and is selected for
this study.

However, it is important to note that the conditional PDF is modeled
based only on the matched MD-AD events, rather than on all MD events,
since not all MD events will necessarily lead to AD. This limitation can lead
to an overestimation of drought propagation probabilities. To address this,
weuse theLawofTotal Probability to incorporate thepropagation rate term,
which is defined as the percentage of MDs that trigger AD/HDs relative to
the total number of MDs7. Let S denote that MD leads to AD, and F denote
thatMDdoesnot lead toAD.TheprobabilitiesP YjXð Þ canbe expressed as10
9:

P Y jXð Þ ¼ P Y jX; Sð Þ � P SjXð Þ þ P Y jX; Fð Þ � P FjXð Þ ð4Þ

where P SjXð Þ is the MD-AD propagation rate, and P YjX; Sð Þ is
modeled using Eq. (3). Since we focus on the MD-AD, P Y jX; Fð Þ ¼ 0.
Thus, Eq. (4) simplifies to:

P Y jXð Þ ¼ P YjX; Sð Þ � P SjXð Þ ð5Þ

Inour study,weused the same copula function tomodel bothhistorical
and future conditional probability distributions to ensure consistency in the
relative comparison. However, we acknowledge that using multiple copula
families, or selecting the best-fit copula function for each region individually,
could potentially better represent uncertainty in drought propagation. For
example, elliptical copulas such as the t copula are known to better capture
tail dependence compared to other families. To assess the sensitivity of our
results to copula choice, we conducted a sensitivity test by replacing the
Frank copula with the t copula in modeling drought propagation. Results
suggest that while absolute probabilities may vary slightly with copula
choice, the key patterns of change remain consistent. For instance, under the
SSP585HOTTER_FAR scenario in theMWregion, given the occurrence of
D1MD, the probability of subsequent D0 AD decreased by 40% (from 0.12
to 0.07) using the Frank copula, and by 38% (from 0.13 to 0.08) using the t
copula. Similarly, the probability of propagating to D3 AD increased by
163% (from0.05 to 0.13) and 158% (from0.05 to 0.12) using the Frank and t
copulas, respectively. This aligns with findings from Peng et al.110, demon-
strating that the sensitivity to copula selection diminishes as the sample size
increases. A similar limitation arises from the application of a single mar-
ginal distribution across regions in drought characterization. In this study,
we used the GLO distribution for SPEI across all regions. However, the
Generalized Extreme Value distribution, with its heavier tails, may be more
appropriate for capturing extreme drought events. Despite these con-
siderations, prior studies suggest that the impact of selectingdifferent copula
functions or marginal distributions is relatively small compared to other
sources of uncertainty. For instance, Yan and Moradkhani111 found that,
when compared to the influence of model structure, the choice of statistical
distribution played a considerably smaller role in flood uncertainty
quantification.

Data availability
The TGW climate data are available at https://tgw-data.msdlive.org/. The
CAMELS data set is available at https://ral.ucar.edu/solutions/products/
camels. This experiment used amodified version ofCLM5designed to allow
easier parameterization and support machine-specific compilation. The
modified source code is available at https://doi.org/10.5281/zenodo.
6653704, forked from https://github.com/ESCOMP/CTSM/tree/branch_
tags/PPE.n11_ctsm5.1.dev030. The calibrated CLM5 hydrological data are
available at https://doi.org/10.57931/1922953. Links to all supporting
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software anddata sets for this paper, alongwith instructions for reproducing
the analysis, are available at https://doi.org/10.5281/zenodo.15692289.
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