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Divergent responses of historic rain-on-
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Global warming is altering flood risks induced by rain-on-snow events. However, decision-makers
lack guidance on how rain-on-snow induced extreme floods could be altered with warming. Here,
storyline analyses using a kilometer-scale land surface model reveal diverse responses of four
historically-impactful, decision-relevant rain-on-snow induced extreme flood events over the
contiguous U.S. to warming, due to alterations in their water budgets. For the 2017-Feb California
floods, runoff first increases and thendecreaseswithwarming, peaking under the+3 Kscenario,while
runoff of the 2017-Jan California floods increases monotonically by ~53%/K. Contrastingly, runoff of
the 1996-Jan Mid-Atlantic floods decreases gradually with warming. Despite these differences,
warming generally shifts flood-generating regimes along elevation profiles. High elevations could
experience notably increased runoff, while low elevations encounter a shift from rain-on-snow-driven
to rainfall-dominated runoff. These findings underscore the need for flood control planning to quantify
region- and elevation-specific changes in rain-on-snow events in a warmer climate.

Rain-on-snow (ROS) events occur when rain falls on a preexisting and
ripened snowpack1, and tend to inducehighflood risks, due to the combined
contributions from both rainfall and snowmelt2,3. Historically, several
destructive extreme flood events have been triggered by ROS events with
devastating societal and economic consequences over the contiguous Uni-
ted States (CONUS)4,5. Well-publicized examples include the 1996 Pacific
Northwest floods (1996PacN), causing 8 deaths, a loss of about 500million
dollars in flood damages, and thousands of people evacuated6, the 1996
January Mid-Atlantic floods (1996MidA), resulting in 30 fatalities and
damages of ~$1.5 billion7,8, and the 2017 California floods (including two
events in January and February: 2017CA-Jan and 2017CA-Feb) which
damaged the Oroville Dam and led to an emergency evacuation of around
190,000 people9. Other extremely severe and extensive floods induced by
ROS over CONUS were identified and reported in ref. 10. Examining and
understanding these catastrophic, ROS-induced extreme flood events are
valuable for mitigating flood risks.

Global warming is projected to alter ROS event characteristics (e.g.,
severity, frequency, distribution, timing, and duration) and corresponding
flood risks. A warmer air temperature can favor rainfall over snowfall11,12,
increase extreme precipitation13,14, accelerate snowmelt15,16, and reduce
antecedent snowpack conditions, causing a notable decreasing trend of ROS
and ROS-induced floods, especially over low-elevation regions of the wes-
tern US in the past six decades4,17. The eastern US has shown region- and
season-dependent increasing or decreasing trends of ROS in recent
decades18,19. Awarming future is projected to decrease the ROS frequency at

lower elevations, but increase the ROS flood risks at higher elevations over
CONUS5,20. Characterizing the large-scale trends and variations in ROS
events and the associated flood risks under a warmer climate, previous
studies have highlighted the need to update and upgrade regional infra-
structure for future flood protection.

However, decision-makers and stakeholders still lack guidance on how
ROS-induced extreme flood events with severe impacts would respond to a
warmer climate. To develop warming-adapted mitigation strategies and
increase resilience to unprecedented ROS-induced extreme floods (e.g.,
1996PacN, 1996MidA, 2017CA-Jan, 2017CA-Feb), it is important to
understandhow these extreme eventswill evolve in the plausible future.The
event-oriented storyline approach is well suited for this purpose, as it can be
used to evaluate the climate risks of a historic extreme event under plausible
narratives or contextual scenarios to gain actionable knowledge21,22. This
approach conditions climate risk by reconstructing historically impactful
and decision-relevant extreme events and explores their physical processes
and plausible future21,23,24. The storyline approach has been used to deter-
mine the future risks of the 1996MidA event and reveal its sensitivity to
warming at a spatial resolution of 14 km25. However, the coarse-scale
storyline simulations cannot resolve ROS events’ strong climate- and
elevation-dependent sensitivity. High-resolution (e.g., kilometer-scale)
simulations arenecessary to accurately capture the climatic and topographic
controls on precipitation magnitude, rain-snow phase separation, and the
formation, persistence, and melt of snowpack during the ROS events20.
Notably, the storyline approach was recently applied to analyze the
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California-Nevada New Year’s flood event of 1997 using coupled
atmosphere-land simulations thatwere regionally refined to 3.5 kmover the
study region of interest, providing insights on the sensitivity of the flood
drivers to warming26,27.

Despite the aforementioned studies, how different ROS-induced
extreme flood events will respond to a warmer climate at the kilometer scale
remains underexplored. Given that different ROS flood events exhibit dis-
tinct thermodynamic conditions and depend on geographic location and
topographic characteristics, we hypothesize that extreme ROS flood events
will show diverse and elevation-dependent responses in warmer climates.
Thus, kilometer-scale storyline analysis focusingonmultiple unprecedented
extreme events is urgently needed to raise public awareness and strengthen
decision-making for ROS-induced floods under global warming.

This study combines kilometer-scale land surface model simulations
and storyline analysis to mechanistically understand how multiple historic
ROS-induced extreme flood events respond to a warmer climate. First,
considering their catastrophic impacts, we selected four ROS-induced
extreme flood events (i.e., 1996PacN, 1996MidA, 2017CA-Jan, and
2017CA-Feb) over CONUS. These events have been widely studied by
researchers25,28–30, and used by government officials and flood emergency
managers as a reference in operations31. Second, we performed 1 km
hindcast simulations of the four events using the state-of-the-scienceEnergy
Exascale Earth System Model (E3SM) Land Model (ELM)32. ELM can
mechanistically simulate frozen ground and its thawing and refreezing,
which could play an important role in soil infiltration and runoff
generation33. Model calibration and atmospheric forcing dataset selection
were performed separately for each study region to accurately capture

snowpack and runoff dynamics. Further, we used the calibrated ELM to
performfive1 kmresolutiondelta-warming simulations for all selectedROS
events. For the delta-warming simulations,we ranELMsimulations starting
one year before the eventswith the warmer climate forcings to ensure initial
conditions for the ROS events were consistent with the climate scenarios.
These five warming simulations feature a spatially uniform air temperature
increase from 1K to 5 K with a 1 K increment. The +1 K and +5 K sce-
narios approximately correspond to theUSwarming projected at the end of
the 21st century under the optimistic low-emission and the “business as
usual” scenarios, respectively34. Associated with warming, we also imposed
precipitation changes using a simple spatially uniform scaling of 7%perKof
warming, as heavy precipitation typical of flood-causing ROS events gen-
erally increases due to the increase of atmospheric water vapor with tem-
perature following theClausius-Clapeyron relationship35.Weused the 1 km
hindcast and future simulations to uncover the sensitivity of snowpack and
runoff towarming for the four events, in terms of the changes inmagnitude,
peak timing, spatial variations, and elevationprofiles.We also quantified the
altered water budgets to clarify the underlying mechanism of similar or
divergent responses of different events to a warmer climate.

Results
Recreating the historic ROS extreme flood events
The four historic ROS extreme flood events over the three flood-prone
basins with varying elevation distributions (Figs. 1 and S1) are all driven
jointly by both heavy rainfall and rapid snowmelt (seeMethods for details).
For all four events, the 1 km ELM simulations with the default parameter
values and driven by four different atmospheric forcing datasets (see

Fig. 1 | Geographic locations of the three study domains and the spatial dis-
tribution of surface elevation. aThe geographic locations of three study domains in
the Pacific Northwest (PacN) region, Mid-Atlantic (MidA) region, and California
(CA), over the contiguous United States. b The Willamette basin. c The Susque-
hanna River Basin comprising of western, upper and lower parts. d The Feather,

Yuba, and American River basins (from top to bottom). In (b–d), the basins are
outlined by the black lines, the red triangles and white circles are the US Geological
Survey (USGS) stream gauges and snow monitoring stations, and the gray shading
represents the drainage area for each USGS stream gauge.
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Methods; Table S1) show varying performance in simulating daily snow
water equivalent (SWE) when compared against the daily field measure-
ments from the SnowTelemetry (SNOTEL) and the Northern Hemisphere
Snow Water Equivalent (NH-SWE) data (see Methods; Fig. S2; Table S2),
with the correlation coefficients (R) varying from 0.24 to 0.75. The daily
simulated runoff shows R values ranging from 0.49 to 0.90 when compared
to the benchmark dataset from the Global Reach-level Flood Reanalysis
(GRFR) data36 (see Methods; Fig. S2; Table S2). After determining the
optimal atmospheric forcing dataset with the best performance separately
for each event region, we further identified and calibrated the sensitive ELM
parameters for snowpack and runoff simulations for each region (see
Methods; Table S3). The region-specific optimal atmospheric forcings and
calibrated snowpack- and runoff-related parameter settings are shown in
Table S4. Both the atmospheric forcing selection and parameter calibration
showconsiderable impacts onbasin-wide runoff during the fourROSevents
(Table S5). Following these steps, the hindcast ELM simulations show
improved performance in simulating snowpack and runoff on a daily scale
with increased R values of ≥0.72 for SWE and ≥0.86 for runoff, as well as
reduced biases (Table S2; Fig. S3), demonstrating that ELM can well
reproduce the four extreme events.

The major ROS flood drivers, as well as the snow contribution, differ
among the events in the ELM hindcast simulations. We defined the ter-
restrial water input (TWI) as the total liquid water input into the soil during
the event, following ref. 2. TWI is mainly sourced from rainfall and snow-
melt. However, the interaction between cold snowpack and rainfall could
retain or refreeze the liquid rain within the snowpack37, which means that
TWImay be smaller than the rainfall. Thus, we used the sumof liquidwater
retention and snowmelt (Qsnow) to represent the total snow effects. We
furtherdefined the relative contributionof snow (Csnow) as the ratio ofQsnow

to TWI. Note that Qsnow and Csnow can be negative when liquid water
retention effects are stronger than the snowmelt effects. At the basin scale,
due to the relativelyhigher rainfall thanQsnow (Fig. 2a, b), 1996PacNshows a
Csnow value of 18.6% (Fig. 2d), which is slightly lower than the range of
21–57% at the SNOTEL stations reported by ref. 28. This difference is
potentially becausewe focus on the entireWillamette basin, where the snow
cover is lower in the western regions (Fig. S4). For 1996MidA, snow con-
tribution accounts for about 67.5% of TWI, which is in line with the model
estimates of ~70% in ref. 25. For 2017CA-Jan, rainfall dominates TWI, and
Csnow is negative (−8.4%), potentially due to the relatively cold air tem-
perature (Fig. S5) and deep snowpack over the high-elevation northeastern
mountainous regions (Fig. S4) and thus strong effects of liquid water
retention37. For 2017CA-Feb,Csnow is 24.5%, which is close to the estimated

value of 25% from a previous study30 over the Sierra Nevada. The elevation
profiles (Fig. 3) and spatial patterns (Fig. S6) of Csnow for each event are
modulated by the spatially-varying topography and snowpack character-
istics. These results indicate that snowpack plays a different role in different
regions and events, complicating the ROS flood forecasting and risk
evaluation.

Changing ROS flood drivers under warming
The ROS flood drivers in different events respond to warming in different
ways, due to the change of rainfall and Qsnow (Fig. 2a–c), as shown by the
difference between the hindcast (Control) and the five delta-warming
simulations (seeMethods). As one of themain sources of TWI, rainfall in all
four events shows an increasing trend with warming (Fig. 2a) due to the
increase in extreme precipitation (see Methods), and more precipitation
falling as rain rather than snowwith increased air temperature11,38.However,
Qsnow and TWI in different events show different responses to warming in
magnitude and direction (Fig. 2b, c). TWI of 1996MidA first increases and
reaches a maximum under the +1 K scenario, and then decreases with
further warming. Despite the nonlinear response, the TWI change of
1996MidAunder warming is relatively small. The other three events show a
gradually increasing trend of TWI with warming. Among all the simulated
events, 2017CA-Jan shows the largest increase with warming.

The TWI responses are jointly determined by the relative change of
rainfall andQsnow (Fig. 2). For all four events, the initial SWEdecreases with
warming due to increasing snowmelt before the event, which means the
total available SWE formelting during theROS event decreases in the future
(Figure S7). Therefore, with warming, Qsnow and Csnow show an overall
decreasing trend except for themonotonic increasing trend for 2017CA-Jan
(Fig. 2d) due to the relatively cold air temperature over the snow regions
(Figure S5). For 1996PacNand2017CA-Feb, the rainfall increase dominates
the TWI increase under warming despite the reduced Qsnow, while for
1996MidA, the Qsnow reduction is comparable to the rainfall increase
(Fig. 2b, c). For 2017CA-Jan, the concurrent increase of rainfall and
snowmelt causes the linearly increasing response of TWI to warming.

The change in ROS flood drivers withwarming is elevation-dependent
(Fig. 3). Overall, driven by increasing rainfall (Fig. 3e–h), TWI increases
along the elevation profiles (Fig. 3m-p) except for 1996MidA. For all four
events, Qsnow is reduced at low elevations and increased at high elevations
(Fig. 3i–l), which further regulates the elevation-dependent responses of
TWI to warming. For 1996PacN, high elevations show a larger increase of
TWIwithwarmingdue to the combinedpositive contributions fromrainfall
and snowmelt (Fig. 3m). The elevation at which Csnow peaks increases with

Fig. 2 | Warming-driven responses of basin aver-
age cumulative rainfall, sum of liquid water
retention and snowmelt (Qsnow), terrestrial water
input (TWI), and relative snow contribution to
TWI (Csnow). a-d, Basin average rainfall, Qsnow,
TWI, and Csnow under the Control and warming
scenarios, for the four events: 1996PacN, 1996MidA,
2017CA-Jan, and 2017CA-Feb distinguished by the
different colors. 0
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air temperature (Fig. 3q),mainly due to the increasing snowmelt in the high
elevation regions with deep snowpack that survives despite warming. For
1996MidA, TWI shows a slight decrease with warming across all the ele-
vation ranges (Fig. 3n), since the maximum elevation of the basin is rela-
tively low (~ 800m) (Figure S1), and warming has larger effects on
antecedent snowpack (Figure S4). In this case, the increased rainfall offsets
the reduced Qsnow (Fig. 3j, n, r). For 2017CA-Jan, TWI increases with
warming across all the elevation ranges (Fig. 3o), mainly driven by the large
increase of rainfall (Fig. 3g). Csnow increases notably with warming at high
elevations and warming even changes the sign of Csnow from negative to
positive at middle elevations (Fig. 3k), showing the increasing contribution
of snowmelt with the increasing elevation. For 2017CA-Feb, TWI increases
with warming especially at high elevations, due to the large increase of
rainfall and snowmelt (Fig. 3h, l). Compared to 2017CA-Jan, 2017CA-Feb
shows a large snowmelt contribution to runoff nearly across all the elevation
ranges (Fig. 3k, l). Overall, TWI increases or shows a small change at low
elevations due to increased rainfall but reducedQsnow, while TWI increases
notably due to the increase of both rainfall and Qsnow at high elevations.
These indicate the shift of flood-generating regimes at both low and high
elevations.

The responses of ROS flood drivers to warming are spatially hetero-
geneous for all four events (Figures S6 and S8). Overall, the regions with
increasing TWI and Csnow have deep initial snowpack, while the snowpack
in the regions with decreasing TWI is relatively shallow (Figure S4). Apart
from 2017CA-Jan, the higher increase of air temperature leads to larger

regions with decreasing TWI (Figure S8). If there is insufficient snowpack
for melt, the regions with increasing TWI at a low warming level will show
decreasing TWI at a high warming level, compared to the historical values
(Figure S8). Specifically, 2017CA-Jan shows a considerable increase of TWI
andCsnow with warming in themountainous regions (Figures S6c and S8c),
because warming increases the air temperature in these regions from below
freezing during the historical events to above freezing in the warming sce-
narios (Figure S5c). These results show that how the regions respond to
warming depends on the warming level, initial SWE, and local hydro-
meteorological conditions.

Divergent responses of runoff to warming
The basin-wide cumulative runoff shows distinct responses to warming
(Fig. 4a). Both 1996PacN and 2017CA-Jan show a linear increasing trend
with warming, and 2017CA-Jan has a higher increasing rate than
1996PacN. In contrast, under warming, runoff decreases for 1996MidA,
while there is a non-monotonic trend for 2017CA-Feb. Specifically, for
2017CA-Feb, runofffirst increases and then decreaseswithwarming, with
the maximum occurring in the +3 K scenario. For 1996PacN, runoff
changes from 167.2 mm (Control) to 240.5 mm (+5 K), an increase of
44% as air temperature increases by 5 K, while 2017CA-Feb shows a
similar increase of 40%. Runoff shows a large increase of more than 263%
for 2017CA-Jan. In contrast, compared to the Control scenario, the+5 K
scenario shows a large decrease in runoff for 1996MidA, reaching up to
about 62%. This suggests that warmer climates may strengthen or reduce
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Fig. 3 | Elevation profiles of different variables for the four events: 1996PacN,
1996MidA, 2017CA-Jan, and 2017CA-Feb under the Control and warming
scenarios.The first tofifth rows represent: a-d, air temperature; e-h, rainfall; i-l, sum

of liquid water retention and snowmelt (Qsnow);m-p, terrestrial water input (TWI);
and q-t, relative snow contribution to TWI (Csnow), respectively.
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the ROS flooding intensity, depending on the warming level and specific
event characteristics. Some historic extreme flood events may become
more intense and destructive with warming, exacerbating flood control.
Although the basin-wide runoff overall follows similar trends with TWI,
2017CA-Feb is the exception, where runoff first increases and then
decreases with warming (Fig. 4a), while TWI monotonically increases
withwarming (Fig. 2c). This is because the runoff efficiency (defined as the
ratio of total runoff to TWI) also changes with warming (Fig. 4b), due to
soil thawing and change of antecedent soil moisture. Note that the defi-
nition of runoff efficiency in this study differs from the traditional one
based on cumulative precipitation, considering that snowmelt is an
important source of liquidwater input during the ROS events. Apart from
the cumulative runoff magnitude, warming also shifts the peak timing of
runoff to earlier (Figure S9).

The runoff responses to warming are elevation-dependent (Fig. 4c-f)
for all four events. Driven by the TWI change (Fig. 3m-p), runoff overall
increases along the elevation profiles except for 1996MidA. This indicates
that for 1996PacN, 2017CA-Jan, and 2017CA-Feb, the flood risks increase
along the elevation profiles despite the elevation-dependent change in the
flood-generating regimes. High elevations could experience unprecedented
flood risks driven by both rainfall and snowmelt. For 1996PacN, compared
to the Control scenario, the +5 K scenario shows a considerable runoff
increase of over 100mmat elevations above 850m,with the largest increase
of ~226mm at 1850m. For 2017CA-Jan, the runoff increases bymore than
100mm when the elevation is above 900m, and the largest increase is
353mm at around 2100m. For 2017CA-Feb, the runoff increase is larger
than 100mm at elevations above 1900 m, with a maximum increase of
385mm at around 2650m. Over the regions above 1500m, the runoff
increase rates are 59%, 162%, and13%perK for the three events. In contrast,
the rates are 8%, 18%, and 4% per K over the regions below 1500m. Due to
relatively low elevations of <800m, 1996MidA has a rate of −12% per K,
showing a decreasing flood risk with warming.

The runoff responses to warming also show heterogeneous spatial
patterns (Figure S11). Similar to TWI, high elevations with deep initial
snowpackoverall showa larger runoff increase underwarming (Figure S12).
The spatial patterns of runoff change are overall similar to those of TWI.
However, the increasing TWI is not always associated with increasing
runoff. For example, the south-central regions during 2017CA-Jan show an
increasing TWI but decreasing runoff (Figure S12), due to increasing soil
infiltration and percolation (Figure S10). This is because increased soil
temperature thaws the soil ice (Figure S13), causing an increase in soil
hydraulic conductivity39. Besides, the regions with decreasing TWI may
exhibit increasing runoff (Figure S12). This can be explained by the
increasing initial soil moisture before the events, making the soil wetter and
saturated (Figure S14), thus driving the runoff increase. These showcase the
importance of soil moisture in mediating the impactful flood responses to
warming.

Altered water budget under warming
We further analyzed the basin-wide responses of different components in
the water budget (seeMethods) to decipher the underlying drivers of runoff
changewithwarming.We define the sign of each component based on their
contribution to runoff, with a positive value corresponding to an increase in
runoff, while a negative value is related to a decrease in runoff. For example,
a positive value of the changeof snowwater equivalent (ΔSnow) represents a
loss of snowpack, which generates higher snowmelt and consequentlymore
runoff. Overall, rainfall, snowfall,ΔSnow, and the change of water in the soil
and unconfined aquifer (ΔSoil and ΔAquifer) determine the magnitude of
runoff, while other components only account for relatively small propor-
tions, for the four events (Fig. 5). The sum of rainfall, snowfall, and ΔSnow
determines the TWI magnitude, while the sum of ΔSoil and ΔAquifer
represents the infiltration and affects the runoff efficiency. For all four
events, warming consistently increases rainfall and decreases snowfall.
Compared to other events, snowfall during 2017CA-Jan accounts for a

Fig. 4 | Responses of the basin average and eleva-
tion profiles of cumulative runoff and runoff
efficiency for the four events in a warmer climate.
a Basin average runoff under the control and
warming scenarios. b Basin average runoff effi-
ciency, defined as the ratio of runoff to terrestrial
water input (TWI), under the Control and warming
scenarios. c-f Elevation profiles of runoff for the four
events: 1996PacN, 1996MidA, 2017CA-Jan, and
2017CA-Feb.
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larger proportion (51%) of total precipitation in the Control scenario but it
reduces to around 14% in the+5 K scenario (Fig. 5c), suggesting less snow
accumulation during this event under warming. ΔSnow shows diverse
changes with warming in the four events. Apart from 2017CA-Jan, ΔSnow
increases runoff due to snowmelt in all the scenarios for all the other events.
Notably, among them, 1996MidA shows a larger decrease of ΔSnow from
44mm in the Control scenario to 16mm in the+5 K scenario. The sum of
ΔSoil and ΔAquifer overall increases with warming for all the events,
reducing runoff intensity.Overall, differentwater budget components could
show diverse changes with warming in terms of their sign, magnitude, and
trend (Fig. 5).

The change in each component of the water budget explains the dis-
tinct responses of runoff for each event (Figs. 5 and 6). Overall, warming
leads to increased rainfall, reduced snowfall, a diminished initial snowpack
for snowmelt, and higher soil temperatures. If the change of initial soil
moisture is small, as air temperatures transition from cooler to warmer,
ROS-induced runoff could initially increase due to increasing rainfall and
snowmelt, but subsequently decrease due to decreasing snowmelt caused by
shallower initial snowpack and increasing soil infiltration caused by the
thawing soil (Fig. 6).However, the specific responsesof runoff for each event
to warming depend on its unique hydrometeorological conditions and the
relative change of different water components under warming. For
1996PacN, the increase of runoff withwarming ismainly by the increases of
ΔRain (Fig. 5a). For 1996MidA, despite the increasing rainfall, the decrease
of ΔSnow and increase of ΔSoil jointly determine the larger decrease of
runoff under warming (Fig. 5b). For 2017CA-Jan, the runoff increase is
mainly determined by the increase of rainfall and the decrease of ΔSnow,
related to reduced snow accumulation and increasing snowmelt during the
event (Fig. 5c). For 2017CA-Feb, the non-linear responses of ΔSnow and
change of rainfall, ΔSoil and ΔAquifer affect the runoff trend under
warming (Fig. 5d). These underscore the importance of scrutinizing the
change of each component in the water budget when forecasting and
managing ROS-induced extreme flood risks.

Discussion
We reproduced four past ROS extreme flood events with a kilometer-scale
land surface model. Compared to the coarse-scale simulations, the

kilometer-scale ELM simulations enable us to better capture the fine-scale
spatial details and elevation dependence of ROS events. The uncertainty of
atmospheric forcing has considerable impacts on the snowpack40,41 and
runoff simulations (Table S5). The temporal downscaling (see Methods) of
daily atmospheric forcings can potentially affect simulated runoff responses
during ROS events, particularly the timing andmagnitude of peak runoff 42.
However, our simulations show good agreement with field measurements
(Figure S3). Moreover, since our study primarily focuses on event-scale
responses of cumulative TWI and runoff, we expect temporal downscaling
to have a limited impact on our results, as demonstrated by ref. 42. Our
model calibration and evaluation also suggest that the global parameter
settings in land surface models can bias regional and event-scale study.
Regionalizing the parameters in the runoff and snowpack simulations is
essential, as demonstrated by ref. 43,44. The hindcast simulations show that
the contribution of snow (i.e., liquid water retention and snowmelt) to
flooding varies with the events. Differences in the estimated Csnow among
studiesmay be caused by differences in themodel structure, and the vertical
flow assumptions between preferential flow and matrix flow (assumed in
ELM)45,46 as well as the inconsistencies in the coverage of the study basins
and specific date range. Although assuming the matrix flow rather than
preferential flow may overestimate the snowmelt contribution29, the mea-
surements in ref. 47. showed that the preferential flow only accounts for a
small volume (about 3-8%) of the overall snowpack, and there is still limited
knowledge of how, when, and where preferential flow forms and
distributes2. Although ELMneglects the advected heat from rain into snow,
the impacts are expected to be limited48, considering that the advected heat
transfer only shows a small contribution of <5% to snowmelt in the ROS
events over CONUS5. Our analyses primarily focus on the relative differ-
ences between storylines, mitigating the impact of model uncertainties.

Using a storyline approach, we examined how four selected extreme
flood events caused by ROS would unfold and how major flood drivers
would change in awarmer climate.Our results suggest the diverse responses
of different ROS-induced extreme flood events to a warmer climate. The
trend of runoff in response to warming can be nonlinear and non-
monotonic (Fig. 4a), corroborating previous findings25. A similar non-
monotonic response to warming temperatures has also been reported for
peak seasonal streamflows in snowregions49,50. The runoff response is jointly
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Fig. 5 | Changing water budget with warming during the ROS extreme flood
events. a-d represent four different events: 1996PacN, 1996MidA, 2017CA-Jan, and
2017CA-Feb. In each panel, the height of color patch represents the cumulative
magnitude for each component during the event, and the color patch above or below
0 represents that the associated component has positive or negative contribution to

runoff, respectively. In the legend,ΔSnow,ΔCanopy,ΔSurface,ΔSoil, andΔAquifer
are the change of the water in snow, canopy (intercepted), surface, soil and
unconfined aquifer; ET is the vegetation evapotranspiration and ground evapora-
tion; and Others are the remaining runoff, e.g., from glaciers and lakes.
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drivenby the changeofTWIandaltered soil infiltration.TheTWIresponses
are affected by the complicated snowpack-rainfall interaction37,51. The soil
infiltration is affected by initial soil moisture and soil freezing-thawing
process. The soil moisturememory effects can potentially increase runoff 29,
while less frozen soil under warmingwill reduce runoff due to increased soil
permeability23. All the water budget components change with warming in
different ways23 and contribute to the distinct runoff responses (Fig. 6),
posing challenges for accurate flood forecasting. Notably, some historic
extreme events could become more severe with warming. For example,
2017CA-Feb will have a larger runoff under all the warming scenarios than
the Control scenarios (Fig. 4a), with a rate of 8% per K. Considering that the
Oroville Dam was already threatened by 2017CA-Feb9, it will face higher
risks under warming with potential societal and economic impacts on the
surrounding largest metropolitan regions. Notably, the runoff increase rate
is around 53% per K for 2017CA-Jan, representing a notably increasing
flood potential with warming. Besides, warmer temperatures will shift peak
timing to earlier for all the events, in line with ref. 25. These understandings
and the storyline-based framework will be helpful for decision-makers to
better project andmanage extreme floods fromROS under global warming.

Warming alters the flood-generating regimes along the elevation
profiles. The joint increase of rainfall and snowmelt with warming con-
siderably increasesTWIand runoff at high elevations during extreme events
(Figs. 3 and 4). Consequently, high elevations may experience unprece-
dented floods in a warmer climate, although they have experienced a rela-
tively small flood risk from historical events. In the control scenario, the
deep, cold snowpack at high elevations buffers the rainfall and reduces
runoff, as the unsaturated snowpack can retain more liquid water, and the
large cold snowpackmay refreeze the liquid rain37. However, the decrease in
SWEwithwarming reduces the effects of snowbuffering.Besides, increasing
air temperature also increases the rainfall probability and provides more
longwave radiation for snowmelt. The regions above 1500m show a con-
siderable increase of runoff with a rate of 59%, 162%, and 13% per K,
respectively, for 1996PacN, 2017CA-Jan, and 2017CA-Feb, demonstrating
a considerable increasing flood risk with warming. In contrast, low eleva-
tions could experience a shift in the flood regime from ROS-driven to
rainfall-dominated due to the increasing rainfall and diminished snowmelt
caused by the decrease of the total available snowpack formelting. It should
be noted that TWI and runoff at low elevations do not necessarily decrease

under a warmer climate due to the increasing extreme precipitation and
higher rain probability. The elevation-dependent patterns are also found in
the large-scale climate simulations,which projected an increase inROSrisks
at high elevations under the scenario of Representative Concentration
Pathway 8.520. Therefore, warming could considerably increase the flood
risks of ROS-induced extreme flood events at high elevations in terms of
runoff. The elevation-dependent shift can potentially cause impacts to the
infrastructure and people in regions that are not typically flood-prone his-
torically, challenging the current flood control and reservoir management
systems. Note that since runoff from high elevations affects streamflow at
low elevations, the flood risk at low elevations is not necessarily lowered,
even if they may experience reduced runoff under warming.

The extremeprecipitation changehas straightforward impacts onTWI
and thus runoff. The extreme precipitation increase aggravates the flood
risks along the elevation profiles for all the events (Figs. 3 and 4). Although
there are large differences in the projectedmean precipitation among Earth
system models (ESMs)52,53, the extreme precipitation projection at short
durations is generally expected to increase withwarming by about+7% per
K54–56, motivating the construction of the scenarios used in the study (see
Methods). However, the precipitation increase rate can be faster than+7%
per K due to the positive feedback between precipitation and updraft57. In
this case, our scenarios will underestimate the future flood risks along the
elevation profiles because our simulations did not include an active atmo-
spheremodel. The uniform precipitation scaling of+7% per K across space
and time in our simulations is another source of uncertainty. The pre-
cipitation scaling rate has been demonstrated to exhibit spatial58,59 and
temporal60,61 heterogeneity, which could impact the spatio-temporal dis-
tribution of precipitation intensity and further complicate the runoff
responses during ROS events. Despite the aforementioned potential
uncertainty sources, further exploration of the storyline simulationswithout
precipitation change shows that although assuming the precipitation
change or not can impact simulated initial soil moisture (Figure S15) and
soil infiltration (Figure S16), the runoff responses to warming and the
associated elevation profiles overall remain unchanged (Figures S17-S18).
These additional analyses provide a consistent conclusion (Figures S15-
S18), which suggests the generalizability of our results.

We focus on understanding the well-known ROS-induced extreme
flood events and their plausible analogs in a warmer climate, rather than

Fig. 6 | Conceptual schematic illustrating the changes in water budget during
rain-on-snow events under varying air temperatures. Panels a-c represent
increasing air temperatures. Warmer air temperatures drive runoff change by
increasing rainfall, decreasing snowfall, decreasing initial snowpack for snowmelt,
changing snowmelt, and increasing soil temperature (Tsoil) and thus soil infiltration.
Note that with larger warming from panel b to panel c, runoff may increase if
increasing rainfall shows a dominant role, e.g., in 1996PacN, and snowmelt

contributions may still increase due to the cold air temperature during the historical
events, e.g., in 2017CA-Jan. Here we assume that the potential changes of initial soil
moisture before the events is small and the precipitation scaling of +7% per K is
uniform across space and time, but the potential spatial and temporal changes of
initial soil moisture and precipitation scaling can complicate the responses of soil
infiltration and runoff to warming.
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estimating the occurrence and frequency of the extreme events. The
storyline realizations are dynamically consistent with the meteorological
conditions during the observed historical extreme events, thus avoiding the
uncertainties in the climate change projections. Although Earth system
models (ESMs) (e.g., those involved in theCoupledModel Intercomparison
Project Phase 662) can provide spatially- and temporally-varying future
climate information, their spatial resolution (≥1°) is too coarse tocapture the
spatial details of the extreme events especially over mountains63. The spatial
downscaling techniques can be used to improve the spatial resolution of
ESM outputs, however, the accuracy of the downscaled data is affected
jointly by the biases of ESMoutputs anduncertainties from the downscaling
techniques64. Besides, ESMs also show poor performance and large vari-
abilities in capturing extreme precipitation65 and snowpack evolution66.
How to weigh or subset the multi-model ensembles to get reliable projec-
tions of ROS is still an unresolved issue67, which is beyond the objective of
this study. Therefore, the study used the alternative storyline approach5 to
construct the warming scenarios with a uniform increase of air temperature
and the associated precipitation change, which preserved the observed
hydrometeorological characteristics of the historic events.We acknowledge
that continued advancements in Earth system modeling will progressively
enhance our capacity to project the occurrence, frequency, and severity of
ROS extreme flood events in a warmer climate.

We quantified the sensitivity of selected ROS extreme flood events to
warming and examined the physical processes and drivers responsible for
the plausible change under a warmer climate (Fig. 6). These event-based
kilometer-scale sensitivity tests and process-based understandings will be
promising to support the evaluation of potential damages and losses due to
similar impactful ROS flood events. Given that global warming is altering
the ROS characteristics, shifting the elevation-dependent flood regimes and
the associated flood risks over different parts of the globe including High
Mountain Asia68, China69, Europe70,71, and global mountains72, follow-up
work may explore storyline-based scenarios for other high-risk ROS events
in global snow regions, e.g., the California New Year’s flood event of
199726,27, Yellowstone flood event of 202273. Beyond the short-term flooding
impacts, these ROS extreme flood events can further lead to snow droughts
and increase nutrient loading in coastal and estuarine zones, deserving
future investigation.

Methods
Drivers of four historic ROS extreme flood events
1996PacN was driven by the concurrence of an antecedent deep snowpack
and a strong, warm atmospheric river with record-breaking rain. Specifi-
cally, before the 1996PacN event, below-freezing air temperature and heavy
snowfall resulted in a considerable snowpack accumulation in the lower-
elevation areas over the Willamette basin of the Pacific Northwest region
(Figure S2a). Then, a series of landfalling Pacific atmospheric rivers during
Feb 5-9, 1996 caused intense rainfall, and the accompanying warm air
temperature further augmented the flooding by accelerating snow ablation6.

1996MidA was caused by a deep snowpack that formed due to a cold
start to the winter and several snowstorms, followed by a rapid rise in
temperature and heavy rainfall from a synoptic-scale storm system. Speci-
fically, combined with continuous low air temperature prior to the event, a
succession of winter snowstorms created an unusually deep snowpack over
the Susquehanna River Basin of the mid-Atlantic region (Figure S2b).
Moving through the eastern US from Jan 17 to 20, 1996, a strong synoptic-
scale storm system brought heavy rainfall and also initiated the warm
conditions for rapid snowmelt7, which produced the record-setting flash
flooding.

Both 2017CA-Jan and 2017CA-Feb were driven by atmospheric rivers
with prolonged, intense rainfall, but the second event was warmer. Speci-
fically, two storm sequences associatedwith the atmospheric rivers triggered
persistent extreme precipitation and brought warm conditions for snow-
melt over the Feather, Yuba, and American River basins of Sierra Nevada
(Figure S2c), including an earlier one during Jan 7-12, 2017 (hereafter
2017CA-Jan) anda later one fromFeb6 to 12 (2017CA-Feb)29. This extreme

event generated excessive and rapid runoff intoLakeOroville and caused the
2017 Oroville Dam spillways incident74.

Kilometer-scale ELM simulations
E3SM, supported by the US Department of Energy, targets to improve
actionable predictions of variability and change of the Earth system by
optimizing the use of the leading-edge computational resources for ultra
high-resolution modeling75. As the land component of E3SM, ELM is
sourced from the Community Land Model version 4.5 (CLM4.5)32,76. We
used the latest released version 3 of ELM (ELM3) in the study. Compared to
its predecessor, ELM3 adds some new features or options, e.g., a new
parameterization for the sub-grid topographic effects on solar radiation77,
improved snow radiative transfer schemes78. Recently, we also developed a
suite of 1 km land surface parameters for supporting ultra-high-resolution
(e.g., 1 km) land surface and Earth systemmodeling79. These advancements
allow us to use ELM to perform 1 km ROS simulations.

ELMhasbeenwidelyused in snowpack simulations andprojections15,80

and runoff generation43. ELM uses a mechanistically-based multi-layer
snow scheme to simulate various snow processes (e.g., snow accumulation,
snow aging, snowmelt). Although ELM can overall capture the spatio-
temporal patterns, interannual variability and elevation profiles of SWE,
optimizing the ELMparameters is vital for accurately simulating SWE80. By
default, ELM uses a simple TOPMODEL-based scheme with global con-
stant parameters for producing surface and subsurface runoff 18. However,
model calibration is essential to reduce the parametric uncertainty and
improve the performance for runoff simulationswhen applying to a specific
basin/region43. Therefore, recalibrating ELM runoff- and snowpack-related
parameters is necessary for better reproducing ROS flood events.

Benchmark datasets
Wecollected dailyfieldmeasurements and reanalysis datasets (Table S1) for
model calibration, evaluation and intercomparison covering the three
basins (Fig. 1).

For snowpack, we used the daily SWE observations from the Bias
Correction andQualityControl SNOTELdata81 for themodel calibration of
1996PacN and 2017CA. Considering that SNOTEL sites are only dis-
tributed in the western US, we used the Northern Hemisphere SnowWater
Equivalent (NH-SWE) dataset for 1996MidA. NH-SWE provides the daily
SWE time series converted from the in-situ snow depth data82. We also
collected the daily 4 km gridded SWE data over CONUS developed by the
University of Arizona (UA)83 for the intercomparison.

For runoff, we used the daily 5 km GRFR runoff dataset as a bench-
mark. GRFR is generated using the Variable Infiltration Capacity model
with grid-scale parameter calibration and bias correction and shows good
capabilities of capturing extreme flood events36. Besides, we also collected
the daily USGS streamflow observations for an independent evaluation
across the “reference” gauges from the Geospatial Attributes for Gauges for
Evaluating Streamflow (GAGES-II) data set84.

Model calibration, evaluation, and hindcast ROS simulations
Atmospheric forcings play a big role in the snowpack and runoff simu-
lations of land surface models40. We first collected four high-spatial-
resolution atmospheric forcing data including: the hourly 0.125° North
American Land Data Assimilation System phase 2 (NLDAS-2)85, daily 1/
16° spatially comprehensive, hydrometeorological data set forMexico, the
U.S., and Southern Canada (L15)86, daily 1 km Daymet87, and daily 4 km
Parameter-elevation Regressions on Independent Slopes Model
(PRISM)88. We temporally downscaled the daily data from L15, PRISM
and Daymet data into hourly data using the Mountain Microclimate
Simulation Model89. Specifically, we first determined the timing of daily
maximum and minimum air temperatures, and then interpolated the
hourly time series using a spline function. We also distributed daily total
precipitation into equal hourly values. We further spatially downscaled
the NLDAS-2, L15 and PRISM data to 1 km using the bilinear inter-
polation methods. Note that L15 only provides precipitation,
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air temperature and wind data, while Daymet and PRISM only contain
precipitation and air temperature data. We incorporated other variables
from NLDAS-2 into these three forcing data.

Weperformed the simulations of theROS extremeflood events, driven
by the four different atmospheric forcings, using ELM with 1 km land
surface parameters from ref. 79. and default model configurations. Then
focusing on the two months encompassing the events, we evaluated the
ELM performance on simulating snowpack and runoff against field mea-
surements in terms of the correlation coefficient (R), rootmean square error
(RMSE) andmean bias on a daily scale. Specifically, we compared simulated
daily SWE with SNOTEL observations and NH-SWE data at the available
sites, and compared simulated basin-averaged runoff with that from GRFR
data. Finally, we determined the optimal atmospheric forcing with the best
performance separately for each region. Note that the same forcings were
used for two 2017CA events.

We identified and calibrated the sensitive ELM parameters for
snowpack and runoff simulations for each individual region (Tables S3,
S4). For snowpack, the local sensitivity analysis showed that snowfall
temperature (Tfall) and snow freezing temperature (Tfreeze) have large
impacts on SWE simulations, while other parameters, including the
tuning parameter for top snow/soil layer thickness, and snow cover
accumulation and depletion curve shape parameters, have negligible
impacts. Note that ELM uses an air temperature-based linear scheme to
separate total precipitation into rainfall and snowfall. It is to be noted that
while varied methods for determination of precipitation as snow or rain
has been proposed90, temperature-basedmethods have shownwidespread
success91. We defined the threshold air temperature at which the snow vs.
rain probability is 50%asTfall. The precipitation falls either as rain or snow
when air temperature is above Tfall+ 1 K or below Tfall-1 K, and there is a
mix of rain and snow for intermediate air temperature. The default value
of Tfall is 274.15 K (1 °C) in ELM, and as Tall has been found to vary
spatially92, we selected it as one of the sensitive parameters. For runoff, we
selected the decay factor for surface runoff (fover) and decay factor for
subsurface runoff (fdrai) as the twomost sensitive parameters according to
ref. 43.We first performed the ELMsimulationswith all the combinations
of Tfall and Tfreeze, and then determined the optimal parameters based on
the minimum RMSE between simulated and measured SWE for each
region. We then ran ELM with the optimal snowpack parameters and all
the combinations of fover and fdrai. The runoff evaluation based on the
minimumRMSEwas used to determine the optimal runoff parameters for
each region.

Finally, we performed the ELM hindcast (Control) simulations with
the region-specific optimal atmospheric forcings and calibrated snowpack-
and runoff-related parameter settings (Table S4). Note that for model
initialization, we ran ELM starting 30 years before the events. Then we
evaluated the ELM simulations using the SNOTEL measurements, NH-
SWE data and USGS streamflow observations at a daily scale. Note that we
did not perform the river routing and used the aggregated daily runoff over
the drainage area for each gauge to approximate the streamflow. Although
there is a possible timing shift between the routed streamflow and aggre-
gated runoff, but ref. 5. demonstrated that these twoat thedaily scale showed
the modest difference over CONUS.

ROS storyline simulations under warmer scenarios
We constructed the future storylines using the delta warming approach,
which has been widely used to analyze the sensitivity of snowmelt49,93,94 and
ROS5,95 to increasing air temperature. Specifically, the five warming story-
lines assume the increase of air temperature from +1 K to +5 K at a 1 K
interval, considering that the air temperature is projected to increase by
+1 K and +5 K approximately at the end of the 21st century under the
optimistic low-emission and the “business as usual” scenarios over
CONUS34, respectively.

For each storyline, we perturbed the hourly air temperature (Tair ; unit:
K) with the ΔTair K in the historical atmospheric forcing data. We updated
the hourly downward longwave radiation (RΔ

Long) with the assumption of

unchanged atmospheric emissivity (eair) as:

RΔ
Long ¼ eair � σ � ðTair þ ΔTairÞ4 ð1Þ

where s is the Stefan–Boltzmann constant. eair can be derived by:

eair ¼
R0
Long

σ�ðTairÞ4
ð2Þ

where R0
Long is the downward longwave radiation in the historical data.

Following ref. 93, we kept hourly relative humidity in the warming
storylines the same as that in the historical atmospheric forcing data, to
permit the variability of water vapor pressure in a way in line with the ideal
gas. Thus, the water vapor pressure (eΔ) under the warmer storylines was
derived based on the August–Roche–Magnus formula96:

eΔ ¼ RH � esΔ ¼ e0
esΔ
es0

¼ e0
expð17:641 � ðTair þ ΔTair � 273:15Þ=ð243:27þ Tair þ ΔTair � 273:15ÞÞ

expð17:641 � ðTair � 273:15Þ=ð243:27þ Tair � 273:15ÞÞ
ð3Þ

whereRH is the relativity humidity, es0 and e
s
Δ are the saturationwater vapor

pressure at the historical data and warmer storylines, respectively, and e0 is
the water vapor pressure in the historical data. Then, the specific humidity
(qΔ) was calculated via

qΔ ¼ d � eΔ
p� ð1� dÞ � eΔ

ð4Þ

where d is themolarmass ratio of water vapor to dry air, which is a constant
of 0.622, and p is the total atmospheric pressure.

As air temperature increases, thewater holding capacity of air increases
at a rate of about +7% per K according to the Clausius–Clapeyron
relationship35. Both the observations61 and ESM simulations54 support that
extreme precipitation at short durations approximately follows this rate.
Therefore, we adjusted the extreme precipitation (PΔ) as

PΔ ¼ P0 � ð1þ αÞΔTair ð5Þ

whereP0 is theprecipitation in thehistorical data, and the scaling rateα is set
as +7% per K uniformly across space and time in the study.

We ran plausible future simulations using ELM driven by the updated
atmospheric forcings underdifferentwarmer storylines. Besides,we also ran
another set of future ELM simulations without precipitation change, to
separate the impacts of warming-induced precipitation change from
increasing air temperature. Note that we ran ELM starting from the
beginning of the previous year of the events (one year earlier). This way, we
generated the initial conditions before the events with respect to thewarmer
climate.

Analyzing sensitivity of ROS floods to warming
Using both the hindcast and plausible future simulations, we analyzed the
basin-wide and grid-scale sensitivity of the four ROS flood events to a
warmer climate in terms of magnitude, peak timing, spatial variations, and
elevation profiles.Weused runoff to quantify and evaluate futureflood risks
of ROS, following ref. 5. We also quantified the change of rainfall and snow
contribution.WedefinedTWIas the total liquidwater input into soil during
the event, primarily contributed by rainfall and snowmelt. TWI could be
smaller than rainfall, due to the complicated interactionbetween rainfall and
snowpack especially for regions with deep snowpack37. Therefore,
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we calculated the relative contribution of snow by

Csnow ¼ Qsnow

TWI
¼ 1� Qrainfall

TWI
ð6Þ

whereQsnow represents the sumof liquidwater retention and snowmelt, and
Qrainfall is the rainfall. Note that Csnow can be smaller than 0, showing that
snowpack reduces rainfall and thusTWI,whileCsnow > 0 indicates a positive
snow contribution to TWI. We further analyzed the response of runoff to
warming. To unravel the underlying mechanisms, we quantified the con-
tributions of the change of each component in the water budget to the
change of runoff:

ΔWcanopy þ ΔWsurface þ ΔWsnow þ ΔWsoil þ ΔWa ¼
Qrainfall þ Qsnowfall � ET

�Qrunoff �Qothers

 !
� Δt

ð7Þ
where the left five terms represent the changes in canopy water (liquid
+solid), surfacewater, snowwater, soilwater, andunconfinedaquiferwater.
In the right part of the equation, andQsnowfall is the snowfall, ET is the sumof
vegetation evapotranspiration and ground evaporation, Qrunoff is the total
runoff from surface and subsurface, Qothers represents other runoff from
glaciers, lakes and others, and Δt is the time step.

Besides, we also compared the storyline simulations with and without
precipitation change to quantify the impacts of precipitation change.

Data availability
All the benchmark datasets used in the study are openly accessible via the
links listed in Table S1. The model outputs from the ELM simulations used
in the study are available at https://doi.org/10.5281/zenodo.14545539.

Code availability
The ELM code can be freely downloaded at https://github.com/E3SM-
Project/E3SM. Scripts to reproduce all results andplot allfigures are publicly
accessible at https://github.com/daleihao/ROS_Flood_Extremes.
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