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Winter snowpack loss increases warm-
season compound hot-dry extremes

Check for updates
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Ongoing warming intensifies snowpack extremes, posing significant hydroclimatic risks to socio-
ecological systems. However, the relation between snowpack extremes and subsequent compound
hydroclimatic extremes remains unclear. Here, we investigated the impact of snowpack extremes on
warm-season compound hydroclimatic extremes in the Northern Hemisphere using multisource
datasets from 1980 to 2022. We found widespread increases in deficient, short, and deficient-short
snowpack extremes, triggering more compound hot-dry extremes within a month after snowpack
disappearance (mean coincidence rate over 0.6, p < 0.05). The impact of compound snowpack
extremes exceeded that of individual snowpack extremes in both areas (over 10%) and coincidence
rates (over 0.2). Meanwhile, increased intensity, rather than frequency, of snowpack extremes drove
mainly the occurrence of compound hydroclimatic extremes. Furthermore, background climate
factors, followed by vegetation, topography, and soil, affected relations between snowpack and
compound hydroclimatic extremes. These findings will deepen our understanding of the emerging
consecutive extremes and improve their predictability.

Seasonal snowpack is an important component of the Northern Hemi-
sphere land surface, which covers nearly 50% of areas (∼4.5 × 107 km2) in
winter1 and plays a crucial role in radiative (e.g. cooling effects) and
hydrological processes (water availability)2. In recent decades, snowpackhas
undergone substantial changes3–5, raising concerns about snowpack-related
hydroclimatic extremes such as droughts6,7, heatwaves8,9, and floods10,11.
These extremes have caused massive damage to humans and ecosystems,
such as the 2010 summer heatwave in western Russia (dwindling snowpack
reduced early summer soil moisture as one of the main causes), which
caused ~15,000 deaths and ~54% loss of annual vegetation productivity12.
According to the latest Intergovernmental Panel onClimateChange (IPCC)
assessment, many regions are expected to experience an increase in
snowpack-related hydroclimatic extremes under climate warming, parti-
cularly for compound extremes (i.e., an extreme impact that combines
multiple variables or events)13. Therefore, understanding the interaction
between snowpack and hydroclimatic extremes is vital for reducing socio-
economic losses and developing climate mitigation strategies.

Previous studies have explored the relations between snowpack and
individual hydroclimatic extremes at global and regional scales. For
example, ~35%of snowdroughts triggered heatwaves in 7%of global snow-
dominated regions from 1981 to 202014. Meanwhile, the hydroclimatic

consequences of snow droughts differ depending on their causes10,15; in
western North America, warm snow droughts (temperature-driven snow
deficit) typically increase thewinter runoff peak,whereas dry snowdroughts
(precipitation-driven) reduce the annual runoff peak16. Moreover, changes
in snowpack phenology have significant impacts on hydroclimatic events,
such that extremely early snowmelt and short snowduration seasons lead to
spring flooding17,18 and rapid spring warming19, respectively. Besides
influencing individual hydroclimatic extremes, snowpack extremes result in
considerable impacts on compound hydroclimatic extremes, yet these
impacts remain relatively unexplored. This oversight could lead to an
underestimation of the associated hydroclimatic risks.

In fact, most hydroclimatic extremes did not appear alone but rather
through the interaction of differentmeteorological variables (i.e. compound
extremes)20, which were generallymore severe than individual extremes21,22.
Investigating whether and how abnormal snowpack changes affect com-
pound hydroclimatic extremes, both qualitatively and quantitatively, is
essential for achieving the Sustainable Development Goals23, notably for
coping with climate change and its impacts (Goal 13). Furthermore, dif-
ferent characteristics (e.g. mass and duration) of snowpack are coupled24,
and this dependence structure may amplify the impact of snowpack
events25. Although univariate analyses of snowpack changes have become
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widespread, the bivariate impacts of snowpack changes are still unclear,
especially for extreme changes, and their evolution at a hemispheric scale
has not been fully elucidated. Additionally, the differences in both spatio-
temporal patterns and hydroclimatic consequences between individual and
compound snowpack extremes remain unexamined, which greatly limits
our in-depth understanding of climate changes. In light of the expected
increase in climate change26, it is necessary to consider changes in different
snowpack characteristics simultaneously for a more realistic evaluation of
snowpack hydroclimatic impacts.

Here, we aimed to investigate the impact of different snowpack
extremes (rich, deficient, long, short, rich-long, rich-short, deficient-long,
and deficient-short) on warm-season compound hydroclimatic extremes
(several months after snowpack disappearance) in the Northern Hemi-
sphere from 1980 to 2022 using multisource datasets. Specifically, the fol-
lowing four questions were addressed: (1) What are the spatiotemporal
trends in the occurrence probability and intensity of different snowpack
extremes? (2) How do four frequently encountered compound hydrocli-
matic extremes (hot-dry, hot-wet, cold-dry, and cold-wet) respond to dif-
ferent snowpack extremes? (3) Are compound hydroclimatic extremes
more influenced by changes in the occurrence probability or intensity of
snowpack extremes? (4) What are the main environmental factors driving
the relations between snowpack extremes and compound hydroclimatic
extremes? These results will improve our comprehensive understanding of
the hydroclimatic consequences of different snowpack extremes, with
implications for better predicting and mitigating the impact of future
consecutive extremes on socio-ecological systems.

Results
Recent widespread increase in the occurrence and intensity of
deficient, short, and deficient-short snowpack extremes
We first examined the spatiotemporal trends in the occurrence probability
and intensity of different snowpack extremes over the past four decades
based on a 15-yearmovingwindowusing the Theil-Sen andMann–Kendall
methods (Fig. 1a–h). Eight types of snowpack extremes (rich, deficient, long,
short, rich-long, rich-short, deficient-long, and deficient-short) were iden-
tified by using snow water equivalent and snowpack duration indices based
on the bivariate copula function. The rich/deficient snowpack extremes
referred to high/low-level snowpack mass, and long/short snowpack
extremes referred to high/low-level snowpack duration (see “Methods” for
details).

Most snowpack extremes showed significant changes and great
spatial heterogeneity across the Northern Hemisphere’s seasonal
snow-dominated regions (Fig. 1g, h), except for less frequent
deficient-long and rich-short snowpack extremes (Supplementary
Fig. 1). Specifically, the deficient, short, and deficient-short snowpack
extremes presented significant increasing trends in both occurrence
probability and intensity, with areas of change (p < 0.05) accounting
for 27%, 38% and 27% of the study area, respectively. High increasing
trends occurred in Inner Eurasia, such as in the Siberian region, with
some scattered trends occurring in the mid-to-high latitudes of North
America. In contrast, the occurrence probability and intensity of rich,
long, and rich-long snowpack extremes mainly exhibited significant
decreasing trends, which were more pronounced for occurrence
probability changes, with areas of changes (p < 0.05) accounting for
19%, 34%, and 24% of the study area, respectively. Hotspots of sig-
nificant decreasing trends (over 0.05 yr–1) in both occurrence prob-
ability and intensity of long snowpack extremes occurred mainly in
the Eastern European Plain and most of the Siberian regions, while
those of rich and rich-long snowpack extremes were distributed
mainly in the mid-latitude regions of Europe (~50°N) and northern
Russia regions. Additionally, the robustness of the temporal results
was examined via 13-year and 17-year moving windows (Supple-
mentary Fig. 2 and Fig. 3), and the spatial pattern of trends in
snowpack extremes obtained was consistent with that obtained via
the 15-year moving window.

High coincidence rate of snowpack extremes with compound
hydroclimatic extremes
By analyzing the four compound hydroclimatic extremes monthly during
the warm season (Fig. 2a), with a focus on five potential impact lags (1–5
months) after snowpack end date, we found that compound hot-dry and
cold-wet extremesweremore closely related to snowpackextremes basedon
coincidence analysis (see “Methods”). Notably, compound snowpack
extremes (deficient-short and rich-long) had greater impacts on hydrocli-
matic extremes than individual snowpack extremes alone. The impact dif-
ferences were apparent in both spatial extent and significant coincidence
rates (i.e., the occurrence probability of compound hydroclimatic extremes
after snowpack extremes), with compound hot-dry extremes showing
average increases of 10% and 0.2 (p < 0.05) and with compound cold-wet
extremes showing average increases of 2% and 0.15, respectively. In view of
the above, the following analyses focus primarily on the hydroclimatic
impact of deficient-short and rich-long snowpack extremes.

Specifically, the significant coincidence rate between deficit-short
snowpack extremes and compound hot-dry extremes (DS&HD) was
highest in the month after snowpack disappearance (mean of ~0.79), and
the area proportion decreased with increasing lag time, ranging from 15.7%
to 2% of the study area (Fig. 2b, d). Similarly, these phenomena were
observed in the relation between rich-long snowpack extremes and com-
pound cold-wet extremes (RL&CW; Fig. 2c, e). Spatially, snowpack
extremes had a clustering impact on compound hydroclimatic extremes,
and their coincidence rates presented large heterogeneity. The successive
DS&HD events mainly occurred in regions such as eastern Europe, Siberia,
andmid-to-high latitudes of North America. In comparison, the significant
coincidence rate of RL&CW was relatively low (mean of ~0.62) and scat-
tered, with highly significant coincidence rates mainly found in western
North America and western Siberia.

Moreover, snowpack extremes could influence hydrothermal condi-
tions in neighboring regions, potentially leading to the co-occurrence of
hydroclimatic extremes in different regions. We further analyzed spatial
distance scales of the co-occurrence rate of compound hydroclimatic
extremes caused by snowpack extremes at the pixel scale (see “Methods”).
In general, the magnitude and area proportion of co-occurrence rates
decreased with increasing distance scale for both DS&HD and RL&CW
events (Fig. 2f, g), suggesting the local nature of the hydroclimatic impact of
snowpack extremes. The spatial co-occurrence rates were less than 0.1 for
DS&HD and RL&CW events when the distance between pixels exceeded
~800 km and ~600 km, respectively. Additionally, we found that the dis-
tance of the co-occurrence rate of compound hydroclimatic extremes
resulting from snowpack extremes followed an “∩” shape, increasing and
then decreasing with increasing latitude.

An increased intensity of snowpack extremes amplifies com-
pound hydroclimatic extremes
Understandingwhether the significant coincidence rate between compound
hydroclimatic extremes and snowpack extremes is related to the high fre-
quency, intensity, or both of snowpack extremes is critical for accurately
predicting these emerging compound extremes. Consequently, we first
examined the relation between the frequency of snowpack extremes and
hydroclimatic extremes, and found that the number of snowpack extremes
exhibited a large discrepancy with that of hydroclimatic extremes (Sup-
plementary Fig. 4). This implied that the high frequency of snowpack
extremes did not necessarily increase the occurrence of hydroclimatic
extremes.We then conducted an analysis of the sensitivity of hydroclimatic
extremes to the intensity of snowpack extremes. The sensitivity was calcu-
lated as the changes in hydroclimatic extremes’ indices caused by a unit
change in the intensity of snowpack extremes.

The results showed that two-thirds of significant regions exhibitedhigh
sensitivity (over 1) of compound hot-dry extremes to changes in the
intensity of deficient-short snowpack extremes (HD to DS), with an
apparent latitudinal distribution with a significant decreasing trend (–0.01,
p < 0.05) from south to north (Fig. 3a). However, the sensitivity of
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compound cold-wet extremes to the intensity of rich-long snowpack
extremes (CW to RL) was relatively low and presented a significantly
increasing (0.01) latitudinal gradient (Fig. 3b). Regionally, the highest mean
sensitivities ofHD toDS andCWtoRLwere observed in theCANandRAR
regions, respectively (Fig. 3c).Most regions showedgreater sensitivity ofHD
to DS, particularly in North America and Eastern Europe, which again
implied that deficient-short snowpack extremes had greater hydroclimatic
consequences. Moreover, we quantified the impact of snowpack extremes’
intensity on changes in coincidence rates between DS&HD and RL&CW
events using the Ordinary Least Squares regression, and found a positive
correlation between the intensity of snowpack extremes and their coin-
cidence rates. A one-unit increase in the intensity of deficient-short
and rich-long extreme events resulted in an increase of 0.08 and 0.03 in
the coincidence rate for DS&HD and RL&CW events, respectively
(Fig. 3d, e).

Strong dependence on background climate factors
Considering that background environmental factors play an important role
in controlling relations between snowpack and compound hydroclimatic
extremes,we further assessed the importanceof four typesof environmental
factors (during the period 1980–2022) in regulating the coincidence rate of
DS&HDandRL&CWevents based on the geographical detectormodel (see
“Methods”). Overall, climate factors contributed a large proportion (mean
of ~41%) of the change in the coincidence rate between snowpack and
hydroclimatic extremes, followed by vegetation factors (~33%), topography
factors (~15%), and soil factors (~11%) (Fig. 4a, b). Annual mean solar
radiation was the most important controlling climate variable for both
DS&HD and RL&CW events and was positively associated with coin-
cidence rate variations. Several considerably important variables, including
elevation, annual mean wind, annual mean aridity index, and soil bulk
density, had opposite impacts on the coincidence rate of DS&HD and

Fig. 1 | Spatial distribution of trends in the occurrence probability and intensity
of different snowpack extremes from 1980 to 2022 in the Northern Hemisphere.
a–h Significant trends (colored areas, p < 0.05) of rich, deficient, long, short, rich-
long, rich-short, deficient-long, and deficient-short snowpack extremes. The gray

areas indicate the seasonal snow-dominated regions in the Northern Hemisphere
(i.e. the study area). The inset histograms indicate the areas exhibiting a particular
trend, categorized as low-high, high-high, low-low, or high-low combinations of
occurrence probability and intensity trends.
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RL&CW events. In comparison, topographic characteristics such as slope
and aspect, depth to bedrock, and plant type had relatively minor impacts.

Furthermore, we evaluated the dominant factors contributing to
changes in the coincidence rate of DS&HD and RL&CWevents in different
climate reference regions. The proportions of the cumulative contribution
from four types of factors in different regions were generally consistent with
those in the whole region, with climate factors being the main contributors
(Fig. 4e), but thereweredifferences in some regions. For example, vegetation
was the most relevant factor for DS&HD events in North America (NWN
and NEN) and northern Russia (RAR) (Fig. 4c). For RL&CW events,
topography factors in NWN and TIB regions, vegetation factors in the RFE
andWNAregions, and soil factors in theWCAregionwere identified as the
most important drivers (Fig. 4d).Moreover, the importance of each variable

varied across regions (Supplementary Figs. 5, 6), suggesting the need for
specific strategies for regional hydroclimatic extremes.

Discussion
Our analysis revealed a significant increase in both the occurrence prob-
ability and intensity of deficient, short, and deficient-short snowpack
extremes over the past four decades, most pronounced in Eurasia and
northern North American regions (Fig. 1). These decreases in snowpack
agreed with previous studies based on station-observed and model-
simulated datasets27–30. Conversely, the occurrence probability and intensity
of rich, long, and rich-long snowpack extremesmainly exhibited significant
decreasing trends, particularly in terms of intensity. In addition to the trend
induced by climate warming17,31, the close relation between snowpack mass

Fig. 2 | Relations between snowpack extremes and compound hydroclimatic
extremes. aMaximum area proportion and magnitude of significant coincidence
rates (p < 0.05) between different snowpack extremes and compound hydroclimatic
extremes at 1–5-month lags after snowpack disappearance. The mean significant
coincidence rate is only calculated for area proportions greater than 2%. b, c Spatial
patterns of the significant coincidence rates (colored areas) between deficient-short
snowpack extremes and compound hot-dry extremes (DS&HD) and between rich-
long snowpack extremes and compound cold-wet extremes (RL&CW) at a 1-month

lag. The black and red numbers in the inset histograms indicate the area proportion
and mean value of significant coincidence rates, respectively. d, e Area proportion
andmean value of the significant coincidence rate for DS&HD and RL&CW at 2–5-
month lags. f, g Distance scales of the spatial co-occurrence rate of DS&HD and
RL&CW. Each panel shows the coefficient of determination (R2) for the fitted cubic
polynomial regression. The inset plot indicates the latitudinal distribution of the
spatial co-occurrence rate, and the shaded area indicates a ± 0.5 standard deviation.
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and duration further exacerbated changes in snowpack extremes in most
regions (Supplementary Fig. 7). These results provide new insight into
changes in snowpack extremes, suggesting that bivariate or multivariate
analysis of snowpack extremes should be a crucial focus of future studies.

Generally, snowpack extremes had a significant impact on warm-
season compound hydroclimatic extremes, with the impact concentrated in
the first three months after snowpack disappearance. Compared with
compound hot-wet and cold-dry extremes, compound hot-dry and cold-
wet extremes were more relevant to the corresponding snowpack extremes,
largely owing to the low variability of the rich-short and deficient-long
snowpack extremes. More importantly, comparisons of different snowpack
extremes revealed that the combined impact of extreme changes in snow-
pack mass and duration surpassed that of individual snowpack character-
istics, both in terms of spatial extent (>10%) and coincidence rate (>0.2).
However, previous studies have extensively investigated the impacts14,32–34 of
snowpack changes, such as snow drought or extreme early snowmelt, based
on a univariate framework. As snowpack extremes of lower mass tend to
have a shorter duration, a univariatemethodmight overlook the interaction
of these variables and not fully capture their overall impact. In addition, the
impact of the combined characteristics of snowpackwas greater than that of
the individual characteristics, for both individual (Supplementary Fig. 8)
and compound hydroclimatic extremes. More comprehensive attribution
studies are needed that consider the combined impact of different snowpack
characteristics, rather than focus on a single aspect.

To clarify the cause-effect relations between snowpack extremes and
compound hydroclimatic extremes, we examined the land surface and
atmospheric conditions of the first snow-free month during the occurrence
and non-occurrence of snowpack extremes, including soilmoisture, surface
sensible heat flux, evapotranspiration, and precipitation. These analyzed
variableswere closely linked to the impact of snowpack on energy andwater
cycle processes35–37, which could reflect the main physical processes behind
snowpack-compoundhydroclimatic extremes relations. The results showed
that when deficient-short snowpack extremes occurred, surface sensible
heat generally increased, while soil moisture, evapotranspiration, and pre-
cipitation decreased (Supplementary Fig. 9). When rich-long snowpack
extremes occurred, changes in these variables were reversed. We further
explored whether the occurrence of current compound hydroclimatic
extremes correlates with antecedent hydroclimatic conditions (1–3months
prior), and found that the impact of short-term antecedent hydroclimatic
conditions was relatively weak (Supplementary Fig. 10).

These findings indicated an underlying mechanism that snowpack
extremes could alter land surface and atmospheric hydrothermal condi-
tions, thereby exerting an important role in subsequent compound
hydroclimatic extremes after snowpackdisappearance (Fig. 5). For example,
deficient-short snowpack extremes generally decreased soil moisture and
surface albedo, and increased surface sensible heat (increasing net solar
radiation), which directly contributed to increasing air temperature and soil
drought conditions and thus increased compound hot-dry extremes38,39.

Fig. 3 | Sensitivity of compound hydroclimatic
extremes to the intensity of snowpack extremes.
a, b Geographical and latitudinal patterns of the
sensitivity of compound hot-dry and cold-wet
extremes to the intensity of deficient-short (a, HD to
DS) and rich-long (b, CW to RL) snowpack
extremes, respectively. The gray areas indicate the
pixels with non-significant coincidence rates, and
brown and green numbers in the inset histogram
indicate the areas with the sensitivity above and
below 1, respectively. c Sensitivity of HD to DS and
CW to RL in different IPCC climate reference
regions78. The mean values in the boxplot are
marked by triangles, the centerlines indicate the
median values, and the whiskers indicate the 5th/
95th values. Only regions with more than 100 sig-
nificant pixels are analyzed. d, e Impact of the
intensity of snowpack extremes on the coincidence
rate. Each point indicates the mean value of the
coincidence rate within a specific intensity interval
(0.1, each interval over 100 pixels) of snowpack
extremes, with color-shaded areas indicating the
95% confidence interval.
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Meanwhile, low soil moisture usually reduces the evaporative cooling effect,
and low surface latent heat suppresses the development of clouds and
subsequent precipitation, consequently exacerbating the occurrence of
compound hot-dry extremes. In addition to local effects, these physical
processes might operate as teleconnections between different regions40.
Moreover, snowpack extremes affect atmospheric circulation, such as
geopotential height41 and planetary waves42, which are responsible for the
development of compound hydroclimatic extremes.

Moreover, we found that shifts in environmental factors significantly
influenced the hydroclimatic impacts of snowpack extremes (Fig. 4). By
analyzing the annual trends of the four most significant environmental
factors over the last four decades, we observed that changes in most factors
have increasingly amplifieddifferences in thehydroclimatic impact between
deficient-short and rich-long snowpack extremes (Supplementary Table 2).
Compared with changes in the occurrence probability of snowpack
extremes, compound hydroclimatic extremes were more sensitive to
changes in the intensity of snowpack extremes. As such, we suggest that
intensity changes can be used as an effective new metric to improve the
prediction of early compound hydroclimatic extremes. Recent studies have
reported that snowpack in most regions will decrease in the future under
different emission pathways4,18,43. Under this case, futureDS&HDevents are
expected to occur more frequently, and the corresponding intensity is
also projected to increase significantly. Consequently, the emerging con-
secutive extremes will have severe hydroclimatic and ecological con-
sequences in snow-dependent regions, such as reduced freshwater
availability44, reduced crop yields45, increased wildfires46, and reduced
vegetation productivity23.

Several uncertainties in our study warrantmention, particularly in two
aspects. First, although the datasets employed are regarded as state-of-the-
art andhave shownhigh reliability in station observations, interpolation to a
uniform spatial resolution inevitably introduces errors. For the analysis, we
focused on snowpack-induced compound hydroclimatic extremes at the

monthly scale and the applicability of the findings at other timescales, such
as weekly, sub-seasonal, and annual scales, which may need to be further
explored owing to differences in timescale effects. Moreover, several factors
influencing the relations between snowpack extremes and compound
hydroclimatic extremes were not considered, including the influence of
natural climate variability, such as the El Niño-Southern Oscillation29,
Atlantic Multidecadal Variability47, and Pacific decadal oscillation48. The
causal relations behind the observedpatternswere also affected bynon-local
effects49, and whether there was a bidirectional effect was completely
unexamined50. Nevertheless, it is not possible in this study to analyze these
impacts comprehensively at hemisphere scales, highlighting the need for
additional analysis. Furthermore, disentangling the complex interactions
between snowpack extremes and compound hydroclimatic extremes
requires more accurate land-atmosphere climate modeling and enhanced
observational capabilities.

Conclusion
This study provided the first detailed assessment of the spatial extent,
temporal scale, and magnitude of the relation between different snowpack
extremes and compound hydroclimatic extremes in the Northern Hemi-
sphere. The results showed that snowpack extremes play an important role
in regulating early warm-season compound hydroclimatic extremes.
Monitoring changes in snowpack extremes could act as a winter precursor
signal, providing early warnings for compound hot-dry and cold-wet
extremes, particularly regarding changes in the intensity of snowpack
extremes. Moreover, understanding how contributing environmental fac-
tors vary from region to region could be beneficial for formulating region-
specific strategies to adapt to climate change. These findings improve the
understanding of where and when compound hydroclimatic extremes
respond to snowpack extremes in the Northern Hemisphere, and future
studies are needed to address the elevated risk arising from these increas-
ingly successive extremes.

Fig. 4 | Contributions of four types of environ-
mental factors to the hydroclimatic impact of
snowpack extremes. a, b Relative importance of
different variables for changes in the coincidence
rate between deficient-short snowpack extremes and
compound hot-dry extremes (DS&HD) (a) and
between rich-long snowpack extremes and com-
pound cold-wet extremes (RL&CW) (b). The inset
circles of the bar plot indicate the cumulative con-
tribution of four types of factors across the whole
region. The “+” and “–” symbols in the bar plot
indicate the significant positive and negative corre-
lation between the variable and the coincidence rate,
respectively, based on the partial contribution ana-
lysis. c, d Cumulative contributions of four types of
factors to changes in coincidence rates of DS&HD
and RL&CW events in different climate reference
regions. Only regions with over 100 significant
pixels are analyzed. e Number of climate reference
regions affected by each dominant factor.
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Materials and methods
Observational datasets
We utilized three primary types of meteorological data from 1980 to 2022
in this study: snow water equivalent (SWE), air temperature, and soil
moisture data. Considering the spatial domain (0–90°N) and fine spa-
tiotemporal resolution for examining changes in snowpack extremes, the
most advanced ERA5-Land reanalysis product was selected for analysis51.
Additionally, we evaluated the accuracy of the daily ERA5-Land SWE
data with available ground observations and found that it performed well
and was more reliable than three other well-known SWE products,
GlobSnow52, Snow-CCI53, and GLDAS54 (Supplementary Fig. 11). Air
temperature and soil moisture data were also derived from the ERA5-
Land product and aligned well with ground observations and other
common products, making them widely used in climate change
studies51,55. We then used the monthly maximum SWE, maximum air
temperature and four layers (0–289 cm) of mean soil moisture data to
calculate the standardized SWE index (SWEI)45, air temperature index
(SATI), and soil moisture index (SSMI)56, respectively. Moreover, daily
SWE data were used to calculate the snowpack duration (for calculations,
see supplementary methods S1) of a hydrological year (from 1 September
to 30 June of the following year) and subsequently calculate the stan-
dardized snowpack duration index (SDI).

In addition, several types of auxiliary environmental data (climate, soil,
topography, and vegetation factors) were collected to analyze the drivers of
relations between snowpack extremes and compound hydroclimatic
extremes. The annual mean aridity index was acquired from the global
aridity and potential evapotranspiration map57, and the annual mean wind

and solar shortwave radiationdatawere calculated based on theERA5-Land
product. The soil property data (soil bulk density, soil clay content, and
depth to bedrock) were acquired from the SoilGrids dataset58. The elevation
datawere obtained fromtheGlobalMulti-resolutionTerrainElevationData
201059. The plant greenness, characterized by the normalized difference
vegetation index (NDVI), was extracted from the PKU GIMMS NDVI
dataset60. The biodiversity and plant type data were obtained from global
plant species61 and ESACCI land covermaps62, respectively. All the datasets
were aggregated to a spatial resolution of 0.25° × 0.25° before further ana-
lysis, and seasonal snow-dominated regions with snowpack duration ran-
ging from 60 to 300 days were analyzed.

Identification and characterization of snowpack extremes
Wedefinedeight types of snowpack extremes to assess changes in snowpack
characteristics (mass and duration): rich, deficient, long, short, rich-long,
rich-short, deficient-long, and deficient-short snowpack extremes (Table 1).
The snowpack extremes were identified by annual SWEI and SDI values for
each pixel. Following methodologies from previous studies43,45, these values
were calculated by the empirical probability via the inverse normal trans-
formation. The empirical probability was derived from the nonparametric
gringorten plotting position function P = (i− 0.44)/(n+ 0.12) (n: the
sample size of the data; i: the rank of the nonzero variable). The SWEI from
the month before snowpack end date was chosen to indicate the accumu-
latedmass of snowpack during a hydrological year14. Note that thresholds of
0.8/–0.8 were selected to ensure a sufficient number of events for a reliable
estimation of copula function parameters, as referenced in previous
studies63,64.

Fig. 5 | Schematic diagram illustrating the impact
of snowpack extremes on land surface and atmo-
spheric conditions. a Deficient-short snowpack
extremes, meaning that less snowpack. b Rich-long
snowpack extremes, meaning that more snowpack.
The symbols “�” and “�” indicate increasing and
deceasing changes in variables, respectively. The two
main pathways (or effects) of snowpack extremes on
compound hot-dry and cold-wet extremes are
identified by altering soil moisture (① water avail-
ability process) and surface albedo (② radiative
process) conditions. The red and blue text in the
path diagram indicate increasing and decreasing
changes in variables, respectively. ET,
evapotranspiration.
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Following the calculations of the SWEI and SDI time series
(1980–2022), we used the bivariate copula function to quantify the joint
occurrenceprobability of snowpackextremes for eachpixel (Supplementary
Fig. 1), which has been widely applied to characterize the dependence
between two variables, especially in a few samples25. Taking rich and
deficient-long snowpack extremes as examples (others listed in Supple-
mentary Table 1), the joint occurrence probability (P) can be given as
follows:

Rich: P u1 ≤ SWEI \ v0 < SDI < v1
� � ¼ v1 � v0 þ C u1; v0

� �� C u1; v1
� � ð1Þ

Deficient� Long : P SWEI ≤ u0 \ SDI > v1
� � ¼ u0 � C uo; v1

� � ð2Þ

whereC is a joint cumulative distribution function; u and v are themarginal
cumulativedistribution functions of the SWEIandSDI, respectively; andu1/
v1 and v0/v0 are themarginal probabilities of SWEI/SDI above 0.8 and below
–0.8, respectively. Five popular copula functions (independent, Gaussian,
Clayton, Frank, and Gumbel)65 were applied to link the marginal distribu-
tions of the SWEI and SDI. The Akaike information criterion66 and root
mean square error were used to determine the optimal fitting copula
function.

Then, we analyzed the spatiotemporal dynamics of the occurrence
probability and intensity of different snowpack extremes for each pixel with
a 15-year moving window using the Theil-Sen67 andMann-Kendall trend68

methods. The intensity of individual and compound snowpack extremes
(i.e. rich-long, rich-short, deficient-long, and deficient-short) was deter-
mined by the absolute values of the SWEI or SDI and their combined
products. In addition, 13-year and 17-year moving windows were used to
examine the robustness of the temporal results.

Coincidence analysis of snowpack extremes and compound
hydroclimatic extremes
We investigated the impact of eight types of snowpack extremes on four
compound warm-season hydroclimatic extremes (hot-dry, hot-wet, cold-
dry, and cold-wet). These hydroclimatic extremes were identified by the
monthly SATI and SSMI, which were calculated in the same way as the
SWEI. Next, we quantified the trigger coincidence rate between snowpack
extremes and compoundhydroclimatic extremes for eachpixel via the event
coincidence analysis method69,70. The coincidence rate (r) was calculated as
the ratio of the number of coincidences of snowpack extremes followed by
compound hydroclimatic extremes, expressed as:

r 4T; τð Þ ¼ 1
Nsnow

XNsnow

i¼1

Θ
XNhydro

j¼1

1 0;4T½ � thydroj � τ
� �

� tsnowi

� �
" #

0≤ r ≤ 1

ð3Þ

where Nsnow and Nhydro are the total number of snowpack extremes and
hydroclimatic extremes, respectively; Θ is a Heaviside function, defined as
Θ xð Þ ¼ 0 for x ≤ 0 andΘ xð Þ ¼ 1 otherwise. 1 0;4T½ � is an indicator function
of temporal tolerance4t, defined as 1 0;4T½ � xð Þ ¼ 1 for x ≤4t and 1 0;4T½ � ¼
0 otherwise; here, 4t is set to 0, and tsnowi and thydroj are the time series of

snowpack extremes and hydroclimatic extremes, respectively. τ is the time

lag parameter and represents the event at ðthydroj � τÞ � tsnowi ≤4T .

A higher coincidence rate represents a greater impact of snowpack
extremes on hydroclimatic extremes. Considering the temporal effect of
snowpack extremes, we selected five potential impact lags, namely, 1–5
months after snowpack end date, for analysis within a year rather
than across interannual years. Moreover, a shuffling test was conducted
to examine the significance of the coincidence rate between
snowpack extremes and hydroclimatic extremes. We shuffled the
time series of snowpack extremes randomly while maintaining the
sequence of compound hydroclimatic extremes. This process was
repeated 1000 times to calculate the coincidence rate between snowpack
extremes and compound hydroclimatic extremes in a randomly gen-
erated time series. A significant result was determined if the observed
coincidence rate exceeded 95% of the 1000 random time series
(p < 0.05). Only significant results were considered for the coincident
analysis.

Furthermore, we designed a statistical framework to evaluate the dis-
tance scale of the spatial co-occurrence rate of snowpack-induced hydro-
climatic extremes. Specifically, we first correlated snowpack extremes in a
target pixel with hydroclimatic extremes of all other pixels in the study area
and identified those with significant coincidence rates. Second, we com-
pared the magnitude of all the candidate significant coincidence rates and
determined the distance to the maximum coincidence rate as the distance
scale of the spatial co-occurrence rate.

Importance of background environmental factors to snowpack-
induced hydroclimatic extremes
The geographical detector model (GMD) was applied to determine the
impact of four types of background environmental factors on changes in the
coincidence rate of snowpack extremes with hydroclimatic extremes,
including climate, soil, topography, and vegetation factors. Specifically, we
extracted the annual mean aridity index, mean solar radiation, and mean
wind, which were directly related to water and energy cycle processes, as
climate factors. For soil factors, we considered soil properties such as soil
bulk density, soil clay content, and depth to bedrock since they were closely
linked to soil water redistribution71 (e.g. infiltration). Topography factors
including elevation, slope, and aspect were considered since they could
significantly affect distribution patterns of climate variables such as
snowpack72 andprecipitation73. The vegetation factors included the growing
seasonNDVI, biodiversity, andplant type.These three variableswerewidely
used as proxies of the impactof vegetationonhydroclimatic conditions such
as soil moisture40 and temperature74.

The basic assumption of GMD method is that if a response variable
significantly influences the explanatory variable, their spatial distribu-
tions will be similar, which is widely used to reveal spatial differentiation
and driving factors75,76. Although GMD was not limited by multi-
collinearity of variables, we used the Variance Inflation Factor (VIF) to
remove variables with high collinearity (VIF > 10, Supplementary
Fig. 12), reducing their potential to obscure the ranking of variable
importance. Then, we used the factor detection component of the geo-
graphic detector model to quantify the relative importance of explanatory
variables based on the Q-statistic. The Q value of a response variable (Qv)
can be calculated as:

Qv ¼ 1�
PM

j¼1Nv;jσ
2
v;j

Nvσ
2
v

ð4Þ

Table 1 | Characteristics and definitions of the eight types of
snowpack extremes

Snowpack
extremes type

Characteristic Definition

Mass Duration

Rich ▲ ─ SWEI ≥ 0.8 ∩ –0.8 < SDI < 0.8

Deficient ▼ ─ SWEI ≤ –0.8 ∩ –0.8 < SDI < 0.8

Long ─ ▲ –0.8 < SWEI < 0.8∩ SDI ≥ 0.8

Short ─ ▼ –0.8 < SWEI < 0.8∩ SDI ≤ –0.8

Rich-Long ▲ ▲ SWEI ≥ 0.8∩ SDI ≥ 0.8

Rich-Short ▲ ▼ SWEI ≥ 0.8∩ SDI ≤ –0.8

Deficient-Long ▼ ▲ SWEI ≤ –0.8∩ SDI ≥ 0.8

Deficient-Short ▼ ▼ SWEI ≤ –0.8∩ SDI ≤ –0.8

Note: ▲, ▼, and ─ indicate extremely high, extremely low, and normal values, respectively.
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whereNv and σ
2
v are the number and variance of samples in the entire study

area of variable v, respectively;Nv;j and σ
2
v;j are the number and variance of

samples in the jth (j = 1, 2,…,M) sub-region of variable v, respectively.
The higher the significant Q value is (ranging from 0 to 1, p < 0.05,

based onF-test), the greater the importance of the explanatory variable77. All
the variable data were converted to categorical data before analysis, and the
optimal discretizationmethodwas selected based on a set of supervised and
unsupervised spacing classification methods (i.e. equal, natural, quantile,
geometric, and standard deviation).

Data availability
All datasets used in this study are freely available online. ERA5-Land data
are available at https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-land?tab=overview. The digital elevation data are available
at https://www2.jpl.nasa.gov/srtm/. Theplant greenness data are available at
https://zenodo.org/record/7509116. Plant species data are available at
https://databasin.org/datasets/43478f840ac84173979b22631c2ed672/.

Code availability
The processing codes for the analyses are available in a Zenodo repository at
https://doi.org/10.5281/zenodo.13882068.
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