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pathways demonstrate that snow droughts affect winter wheat yield 
through region- and season-specific mechanisms.

Discussion
To evaluate the implications of snow droughts for crop yields under 
warming conditions, we utilized the XGB-SHAP framework. This 
approach can effectively isolate the effect of snow drought on win-
ter wheat yield from other relevant factors, going beyond purely 
correlation-based analyses. Our findings reveal a significant increase 
in the frequency of snow droughts, with a slope of 5.3–6.7% more events 
per decade, across Northern Hemisphere croplands. The sensitivity of 
yield to snow drought also shows a significant increase, with a slope 
of 3.4% t ha‒1 mm‒1 decade‒1. These results indicate that snow droughts 
threaten winter wheat production by (1) reducing the insulating effects 
of snow cover and increasing freezing stress4,5, (2) decreasing soil 
moisture and water availability during critical growth stages2,7,13,15, (3) 
exacerbating challenges from hotter and drier conditions16 and (4) 
limiting nitrogen replenishment and reducing soil fertility30—all of 

which collectively contribute to winter wheat yield losses (Fig. 5). This 
underscores the importance of jointly considering snow variation and 
across-season cropping systems to better understand changes in the 
crop–snow interplay. The observed increase in wheat yield sensitivity to 
snow drought generally highlights heightened ecosystem vulnerability 
to a low-to-no snow future31. By pinpointing regions of pronounced 
and escalating yield sensitivity, our study identifies the hotspot areas 
where rising snow drought trends could lead to more severe impacts 
on overwintering crop yields.

Snow droughts may interact with crop systems, potentially result-
ing in both positive and adverse effects. On one hand, snow drought 
occurrences may benefit crop yield by accelerating growth stages and 
extending the growing season, thereby enhancing productivity. Moreo-
ver, the impacts of snow droughts might be mitigated by the migration 
of croplands over time and space, as warming conditions could create 
new areas suitable for agriculture32. In addition, expansion of irrigation 
may alleviate crop yield sensitivity. On the other hand, snow droughts 
can detrimentally affect crop yield by altering soil microenvironments 
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Fig. 3 | Trends in sensitivity of winter wheat yield to SWEI. a, The temporal 
evolution of winter wheat yield sensitivity to SWEI for the NH. b, The proportion 
of croplands with significantly increasing sensitivity (brown, Tsen+) and 
significantly decreasing sensitivity (cyan, Tsen−), based on adjusted P < 0.05.  
c–f, The temporal evolution of winter wheat yield sensitivity to SWEI for the 
USA (c), Europe (d), Central Asia (e) and Eastern Asia (f). The lower and upper 
bounds of the shaded area represent the 25th and 75th percentile of sensitivity 
blocks (IQR 25–75th), respectively. The numbers represent the slope of trends of 
sensitivity by the Theil–Sen regression and statistical significance was assessed 

using a two-sided Mann–Kendall test. g–j, The spatial distribution of trends of 
sensitivity (Tsen) for the USA (g), Europe (h), Central Asia (i) and Eastern Asia (j).  
The sensitivity trends were estimated using Kendall’s rank correlation and 
statistical significance was assessed using two-sided tests with P values derived 
from the asymptotic normal distribution. P values were adjusted using the 
Benjamini–Hochberg false discovery rate procedure. Stippling indicates areas 
where sensitivity is statistically significant (adjusted P < 0.05). Maps in g–i 
generated using Cartopy with Natural Earth shapefiles.
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and increasing the risk of freezing damage to early crops4. In many 
critical winter wheat production regions, irrigation depends heavily on 
groundwater, which is potentially replenished by snowmelt; however, 
large uncertainties remain in quantifying the contribution of snowmelt 
to groundwater sources33. Furthermore, snow droughts are expected to 
intensify in a warming future31, exacerbating the risk of water scarcity 
in many snow-dependent croplands, necessitating alternative sources 
of agricultural water.

Several limitations of our study should be acknowledged. First, 
although our analysis spans the full growing season and winter months 
( JFM), future work could explore the importance of early snowmelt 

triggered by snow droughts, particularly concerning crop growth 
phases and springtime variations in soil moisture. Second, owing to the 
lack of field experiments regarding monthly temperature thresholds 
for winter wheat in the other three key croplands, we used the same 
threshold values obtained from North America field data34. Finally, 
other factors such as hail and wind, pests and disease, groundwater 
and irrigation systems, although not included in our analysis owing to 
spatial resolution constraints, probably contribute to or mediate yield 
responses, potentially explaining regional variations.

To mitigate the negative impacts of snow drought on yields, sev-
eral practical agricultural adaptation measures can be implemented. 
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Fig. 4 | The underlying mechanism for the enhanced effects of snow droughts. 
a–d, The relative importance and marginal contributions (SHAP values) of 
multiple predictors to trends in yield sensitivity to SWEI across four cropland 
areas, including the USA (a), Europe (b), Central Asia (c) and Eastern Asia (d), 
respectively. EDD denotes extreme growing degree days above the optimum 
temperature thresholds. FDD denotes freezing growing degree days below the 
freezing growing temperature thresholds. Fertilizer_K and Fertilizer_P denote 

the potassium and phosphorus fertilizer application rates, respectively. The bar 
represents the most important drivers of sensitivity trends across four cropland 
areas. In the box plots, the central line indicates the median; the bottom and 
top of each box represent the 25th and 75th percentiles, respectively; and the 
whiskers extend to the 5th and 95th percentiles. Values outside this range are 
plotted as individual points. R2 represents the coefficient of determination of the 
XGBoost model.
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First, establishing snow drought monitoring systems is essential for 
early detection and management. Second, developing early warning 
systems will enable farmers to prepare for incoming snow droughts. 
These systems can provide forecasts and alerts, allowing farmers to 
make informed decisions about planting and irrigation schedules35. 
For regions reliant on snowmelt for irrigation, adaptive strategies such 
as investing in efficient irrigation technologies and exploring alterna-
tive water sources are critical to offset reduced snowmelt availability. 
Finally, investing in research to develop wheat varieties resistant to 
freezing and heat stress is vital. These improved varieties can enhance 
crop resilience to climate variability and help ensure stable yields under 
adverse conditions.

Linking snow drought information to agriculture systems is par-
ticularly important in crop-producing countries, where the impacts 
of snow drought can propagate globally through trade networks and 
exacerbate food insecurity12. Snow exhibits substantial sensitivity 
to different levels of future warming. For this reason, snow droughts 
are projected to become increasingly frequent7 due to warming win-
ters, with escalating impacts on crop growth (Fig. 3). However, these 
impacts may not be uniform across all regions, with some croplands 
experiencing notable water availability implications while others 
remain relatively unaffected. Understanding and managing differ-
ential vulnerabilities is crucial for comprehending the implications 
of snow droughts on crop production. Such insights, informed by 
comprehensive analyses that consider various sources of uncertainty, 
including datasets and definition choices, are essential for developing 
efficient and effective adaptations to a less snowy future. Assessing 

the influences of snow droughts on crop systems represents a critical 
step towards informed decision-making and resource management 
in agriculture.

Methods
Yield data
To estimate the crop exposure to snow droughts, we used the Global 
Dataset of Historical Yield (GDHY)36 for winter wheat yields, assessing 
its sensitivity to snow drought. The GDHY dataset provides gridded win-
ter wheat yields for the period of 1982–2016, with a spatial resolution 
of 0.5°. Comprising agricultural census statistics and satellite remote 
sensing, the GDHY dataset has been widely used as a primary source 
in recent global crop–climate studies37. To enhance the robustness of 
the sensitivity of winter wheat yield to snow droughts, we also used an 
alternative winter wheat yield dataset at a county level, obtained from 
the USDA NASS QuickStats38 for the period of 1980–2023.

Phenology data
Winter wheat is typically planted in the autumn, followed by a dor-
mancy period during winter, regrowth in early spring and harvest 
in the subsequent summer. We collected accurate phenology data 
(Supplementary Fig. 22) from regional sources and published literature 
for the USA (USDA NASS QuickStats data), France39, Germany40 and 
China41. Together, these regions account for approximately 67% of 
global winter wheat croplands; the remaining 33% is primarily located 
in Central Asia and Southern Europe. As phenological stage names and 
definitions vary between datasets (Supplementary Table 5), we used the 

Soil moisture

EDD

a

Soil moisture

b

(5.3–6.7% more events per decade) 
Snow drought frequency

DormancyEmergence

DormancyEmergence

Yield

EDD

FDD

Rainfall

SWE

SWE

FDD

Nitrogen 

Nitrogen 

Rainfall

Snow drought e�ects
(3.4% t ha–1 mm–1 decade–1) 

Maturity HeadingRe-greening Jointing

Maturity HeadingRe-greening Jointing

Fig. 5 | Schematic diagram illustrating the impact of snow droughts on winter wheat yields. a, Normal snowpack conditions. b, Snow drought conditions.  
The symbols ⊕ and ⊖ indicate increasing and decreasing changes in variables, respectively. Credit: icons, Freepik.com.
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Biologische Bundesanstalt, Bundessortenamt and Chemical Industry 
(BBCH) scale, an internationally recognized system for crop develop-
ment stages, to standardize the phenological data42. For each region, 
we summarized the timing of key phenological stages and matched 
them to the corresponding BBCH codes (Supplementary Table 5). BBCH 
30 marks the end of overwintering and the start of re-greening, which 
typically occurs from late March to early April in most croplands. For 
Central Asia, where phenological observations are lacking, we used the 
timing of re-greening phase from the other three regions. Therefore, 
results for Central Asia should be interpreted with caution, and we 
emphasize the need for expanded field phenology monitoring in this 
region to improve future assessments.

Data on human management practices
The irrigation ratios for winter wheat were obtained from the SPAM2010 
dataset43, which uses a cross-entropy approach to downscale area and 
yield data for 42 crops around the year 2010. In addition, gridded fer-
tilizer rates for wheat were obtained from the EARTHSTAT fertilizer 
application dataset at a spatial resolution of 5 arc-min44. This dataset 
synthesizes subnational statistics globally and derives crop-specific 
nitrogen application rates by distributing total nitrogen consumption 
across maps of wheat cropland areas. Soil types were quantified using 
the percentages of clay, sand and silt, based on the GLDAS dataset19.

Climate data
Climate data, including hourly 2-m air temperatures (°C), daily pre-
cipitation (mm) and monthly VPD (hPa) computed from dew point 
temperature (°C), were obtained from the ERA5-Land dataset from 
1960 to 2020. Daily root-zone SM (m3 m−3) was obtained from the Global 
Land Evaporation Amsterdam Model (GLEAM) dataset45. The GLEAM 
datasets are observationally constrained and have been widely used 
to analyse global and regional soil moisture changes46.

To assess the impacts of extreme heat stress, extreme freezing 
stress, dry stress and heavy rainfall on wheat yields under snow drought 
conditions, we analysed climate extreme events across the growing 
seasons (autumn, winter and spring) due to their adverse impacts 
on winter wheat growth47. We calculated the cumulative exposures 
to growing degree days between the base and optimum growth tem-
perature thresholds (GDD, °Cd, equation (1)), EDD (°Cd, equation (2)) 
above the optimum growing temperature thresholds and FDD (°Cd, 
equation (3)) below the freezing growing temperature thresholds over 
the winter wheat growing season. GDDs, EDDs and FDDs are calculated 
using the following formulas34:

GDD =
N
∑
h=1
DDh;DDh =

⎧⎪
⎨
⎪
⎩

Topt−Tbase
24

, Th > Topt
Th−Tbase

24
, Tbase ≤ Th ≤ Topt

0, Th < Tbase

(1)

EDD =
N
∑
h=1
DDh;DDh = {

0, Th ≤ Topt
Th−Topt
24

, Th > Topt
(2)

FDD =
N
∑
h=1
DDh;DDh = {

0, Th > Tfrez
Tfrez−Th
24

, Th ≤ Tfrez
(3)

where DDh represents the hourly degree-day contribution and N is the 
total number of hours over the accumulation period. The hourly tem-
perature (Th) was obtained from the ERA5-Land and GLDAS datasets, 
respectively. Tbase and Topt are the base and optimum growing tempera-
ture thresholds, respectively, specific to each growing phase of wheat 
(Supplementary Table 6). Tfrez is the temperature causing freeze injury 
(Supplementary Table 6).

In addition to the snow effect, rainfall acts as an important water 
supply to affect winter wheat growth. In this study, precipitation was 
partitioned into rainfall and snow to represent water supply in different 
forms based on daily temperature using the following empirical model1:

Rainfall =
⎧⎪
⎨⎪
⎩

Pre,Td > 7 ∘C

(1 − e(0.0000858×(Td+7.5)
4.12)) × Pre, 7 ∘C ≥ Td ≥ −4 ∘C

0,Td < −4 ∘C.

(4)

where Pre is daily precipitation (mm) and Td is the average daily air 
temperature (°C). The uncertainty of rainfall extremes, associated 
with different snow–rain partitioning models, was evaluated in Sup-
plementary Text 1. To estimate the effects on winter wheat yields due 
to specific rainfall extremes, we used two extreme rainfall indices 
(DrySpell and Max.5D Rain)48 to represent the effects of rainfall deficit 
and excess on crop yields. The DrySpell (days) is defined as the maxi-
mum number of consecutive days with no rainfall in each season. The 
Max.5D Rain (mm) is defined as the maximum accumulative rainfall in 
a 5-day period in each season.

Snow data
We identified snow droughts using two datasets: ERA5-Land18 and 
GLDAS19. ERA5-Land is a global atmospheric reanalysis product pro-
duced by the European Centre for Medium-Range Weather Forecasts18. 
The choice to use these reanalysis datasets is owing to their inclusion 
of the essential snow variable (snow depth water equivalent) for global 
winter wheat croplands at a daily timescale, enabling a comprehensive 
and uniform analysis across different regions and seasonal periods1. 
More importantly, the daily SWE of ERA5-Land agrees better with sta-
tion observations compared with other datasets, making it an ideal 
dataset to characterize snow droughts16. We used the ERA5-Land data-
set for our main analysis and assessed the sensitivity of our results with 
the alternative GLDAS dataset.

Identification of snow drought
We calculated the daily SWE (mm) from 1 October to 31 May for the 
entire water year 1948–2022, using a 7-day moving window. We then 
focused the analysis on winter wheat croplands in the Northern Hemi-
sphere during the winter season, particularly for JFM accumulations 
of daily SWE, to compute the SWEI. This focus is owing to the fact that 
early April marks the beginning of re-greening phase of winter wheat in 
most croplands (Supplementary Table 5), serving as a proxy for water 
supply capability related to winter snow accumulations7,15.

The SWEI is widely used to assess snowpack extremes6,16. We 
determined the probabilities based on the empirical Gringorten plot-
ting position P = (i − 0.44)/(n + 0.12) (where P is the probabilities, n is 
the sample size of the data and i is the rank of the non-zero variable). 
The ranks are determined using the JFM accumulations of daily SWE 
for year. We then computed the SWEI by transforming the empirical 
probability to standard normal distribution. The SWEI thus provides 
a comprehensive measure of snow balance over consecutive years, 
facilitating active monitoring of snow droughts (Supplementary Fig. 4). 
A threshold of –1 for the SWEI represents the SWE anomaly of less 
than 1 standard deviation under drought conditions. As snow devi-
ated from normal towards drier conditions, the negative impacts of 
snow anomalies on yield increased as extreme conditions intensified 
(Supplementary Fig. 23).

Trends in snow drought frequency
Grids with SWEI ≤−0.8 (or SWEI ≤−1 in Supplementary Fig. 2) are defined 
as snow drought-affected croplands, indicating potential impacts 
on crop growth due to snow deficits. To address temporal variations 
of snow drought frequency across winter wheat croplands, we split 
the data from the entire 1960‒2020 period into 50 10-year blocks 

http://www.nature.com/natfood
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(1960‒1970, 1961‒1971 … 2010‒2020). We defined the slope of trends in 
snow drought frequency estimated from the Theil–Sen regression. We 
then used the Mann–Kendall’s test to detect the statistical significance 
of the trend in snow drought frequency (Fig. 1), which did not require 
data with a normal distribution.

Data preprocessing
The SWE, snow depth, SM, VPD, Pre and T data, obtained from 
ERA5-Land, GLDAS, and GLEAM datasets, were re-gridded to the 
same resolution of 0.5° × 0.5° using the bilinear interpolation. In 
all experiments and for all hydroclimatic variables, we selected the 
growing-season data based on the crop calendar dataset49 for temporal 
consistency. The winter wheat growing season, defined as the months 
between September and July, remains consistent within each growth 
cycle from 1982 to 2016. We aggregated the daily energy-related (that 
is, VPD and T) values to the growing-season averages and the daily 
water-related (that is, SM and Pre) values to growing-season sums. Daily 
SWE data were aggregated using the 3-month ( JFM) sum to calculate 
yearly SWEI to match yearly yield data. Climate extreme indices of GDD, 
EDD, FDD, DrySpell and Max.5D rain were calculated in autumn, winter 
and spring, respectively (Supplementary Table 1).

Effective thermal insulation for crops requires a certain snow 
depth, typically with a threshold of 2 cm (refs. 4,50). We used the clas-
sical formula, snow depth = SWE/snow density (where snow density is 
0.246 g cm−3)51, and set 2 cm as the criterion for determining whether 
snow cover provides thermal insulation. Specifically, we defined SCF 
as the proportion of days with snow depth greater than 2 cm during 
periods with FDDs4.

SCF =
Days (FDD > 0 and snow depth > 2 cm)

Days (FDD > 0) . (5)

For example, a SCF value of 0.05 indicates that 5% of freezing days 
coincide with a snow depth greater than 2 cm. To represent croplands 
with limited snow influences, we (1) tested different SCF thresholds 
(for example, SCF >0.05 and SCF >0.1), (2) applied a threshold of 10 cm 
for the minimum cumulative SWE and (3) used a threshold of 10 cm for 
snow depth. Supplementary Figs. 25‒27 compare the sensitivities of 
winter wheat yield to snow droughts under various thresholds using 
the US observational datasets for the period of 1980‒2023. These 
results indicate increasing sensitivity of winter wheat yield to snow 
droughts under various thresholds, demonstrating the robustness 
of our analysis. Therefore, we excluded croplands with minimal snow 
influence (SCF <0.05), focusing specifically on the short-term crop 
yield responses to snow anomalies.

Seasonality and long-term trends were removed to obtain the 
anomaly for each yield and climate extreme index by subtracting the 
long-term mean monthly signals and by applying a locally weighted 
scatterplot smoothing regression. Locally weighted scatterplot 
smoothing regression is a well-known detrending method for stud-
ying crop–climate interactions20,37, commonly used to remove the 
long-term effects of technological improvements (Supplementary 
Text 2). By using this method, we excluded long-term trends resulting 
from changes in the equilibrium state, such as long-term successional 
cycles and frequent human management.

Detection of causal relationships between winter wheat yields 
and snow droughts
CCM is a powerful method that can help distinguish causality from 
spurious correlation in time series of nonlinear dynamical systems21,46. 
In CCM, causality is detected by measuring the extent to which the sign 
of the affected variable Y (yield anomalies) reliably estimates the states 
of a causal variable X (SWEI). That is, if variable SWEI influences winter 
wheat yield, then, according to the generalized Takens’ theorem21, the 
causal variable SWEI can be reconstructed from the historical record 

of the affected yield variable. The skill of cross mapping is defined as 
the coefficient (ρ) of the Pearson correlation between predictions and 
observations of SWEI. If the ρ increases with the length of time series 
and convergence is present, then the causal effect of SWEI on yields 
can be inferred.

The nonlinear Granger causality test22 is a widely used method 
for investigating climate–ecosystem response by testing for causal 
inference in temporal data. If SWEI = (SWEI_1, SWEI_2, …, SWEI_N) and 
yield = (yield_1, yield_2, …, yield_N) represent the information set, 
where N is the length of the time series, this approach assumed that 
SWEI causes yield if the autoregressive forecast of yield improves when 
information about SWEI is included. We used the coefficient of deter-
mination (R2) to identify Granger causality, which can be estimated as 
the fraction of variance explained by the forecasting model.

Yield sensitivity to snow drought
Winter wheat yields are affected not only by snow droughts but also 
by the occurrence of soil droughts, freezing stress, spring frosts, 
and severe heats5. To examine the sensitivity of winter wheat yield 
to snow anomalies, we first trained tree-based machine learning 
models, XGBoost24, to explore the nonlinear sensitivities of winter 
wheat yield to snow drought. Then we employed explainable machine 
learning (SHAP) to isolate the contribution of snow anomalies to 
yield anomalies from the influence of other climate extremes stress 
(Supplementary Fig. 7). Specifically, we split the data into training 
(90%) and test (10%) sets. In the training set, Optuna was used to opti-
mize the model parameters. Fivefold time series cross-validation 
was employed, with 90% of the data used for training and 10% for 
validation, using root mean square error as the fitness function. The 
models were trained 100 rounds to determine the optimal parameter 
combinations. After training, the best model and its parameters were 
used for prediction on each region. These algorithms are distinguished 
by their enhanced model accuracy and generalizability, achieved 
through mitigating variance and bias, consequently reducing the 
propensity for overfitting52.

The XGBoost model is compatible with the SHAP method 
(XGB-SHAP), enabling a robust interpretation of model outputs. 
SHAP23 is a game theoretic approach to explain the outputs of the 
XGBoost model by accounting for contributions of snowpack con-
ditions to the winter wheat yield prediction. We treated the yield 
anomaly as the target variable, with the corresponding seasonal cli-
mate extreme indices as predictors, including seasonal anomalies of 
GDD, EDD, FDD, DrySpell, Max.5D rain and SWEI. To explore the pos-
sible influence of regional climate conditions, we built four distinct 
XGB-SHAP models for the four croplands: the USA, Europe, Central 
Asia and Eastern Asia.

For each XGB-SHAP model, we employed the SHAP dependence 
method to isolate the marginal contributions of SWEI on the yield 
anomaly. A larger negative SHAP value indicates a higher probability 
of yield loss, and vice versa. We defined the sensitivity as the slope esti-
mated from the piecewise linear approach25 between SHAP values for 
SWEI and SWEI values, with a breakpoint at SWEI of 0. We assumed that 
the grid-level interaction between yield anomaly and SWEI <0 is nearly 
linear. It is important to note that because sensitivity is inferred through 
linear regression, it may not capture the entirety of the interactions 
between yield and SWEI for each grid cell. In addition, to quantify inter-
action effects of snow and other variables, SHAP values were subse-
quently decomposed into main effect and interaction effect values for 
each feature23. The SHAP interaction value depicts the effects of other 
hydroclimatic variables on snow–yield relationships. This method 
combines the benefits of bootstrap aggregating and non-distribution 
assumption through XGBoost modelling, as well as the advantages of 
global interpretations being consistent with the local explanations in 
the SHAP algorithm, hence strengthening the robustness of the results 
than using traditional statistical methods52.
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Trends in sensitivity of winter wheat yield to snow drought
Grids with non-significant (P ≥ 0.1) overall sensitivities are defined 
as non-snow-controlled regions. We excluded non-significant grid 
cells (P ≥ 0.1) for studying changes in crop–snow relationships. To 
address temporal variations in winter wheat yield sensitivity to snow 
drought, we split the SHAP data from the entire 1982‒2016 period 
into 25 10-year blocks (1982‒1992, 1983‒1993, …, 2006‒2016).  
We assumed that the interaction between yield anomalies and  
reduced snow conditions at the grid level within 10-year blocks was 
nearly linear (Supplementary Fig. 7). We defined the slope of trends 
in sensitivity (Tsen) estimated from the Theil–Sen regression. We also 
used the Mann–Kendall’s test to detect the statistical significance  
of Tsen.

Attribution analysis
To understand changes in Tsen, we used the XGB-SHAP model to predict 
the Tsen. We treated the Tsen as the target variable, and multiple relevant 
hydroclimatic trends (that is, GDD, EDD, FDD, DrySpell, Max.5D rain, 
T, Pre, SCF, VPD and SM) and human management practices as predic-
tors. Human management practices include irrigation ratios, fertilizer 
application rates (nitrogen, phosphorus and potassium) and variations 
in soil types (sand and clay). We then employed SHAP values to quantify 
the marginal contributions of each individual factor’s trends on Tsen and 
ranked the variable importance by the sum of absolute contributions 
across the four croplands.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used in this study are puWe defined an increasing trendbal 
Dataset of Historical Yield of winter wheat yields are available at 
https://sage.nelson.wisc.edu/data-and-models/datasets/crop-cal-
endar-dataset/ and https://doi.org/10.1594/PANGAEA.909132. Yearly 
county-level yields and key phenology dates for winter wheat in the 
USA were obtained from USDA NASS QuickStats (https://quickstats.
nass.usda.gov/). Phenology stages for winter wheat in France were 
obtained from France AgriMer (https://cereobs.franceagrimer.fr/
cereobs-sp/#/). Hourly 2-m air temperatures, daily precipitation 
and dew point temperature were obtained from ERA5-Land reanaly-
sis datasets (https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-land?tab=overview). The daily snow depth water 
equivalent and snow depth were obtained from the ERA5-Land reanal-
ysis datasets (https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-land?tab=overview) and the GLDAS Catchment Land 
Surface Model L4.0 (https://disc.gsfc.nasa.gov/datasets/GLDAS_
CLSM025_D_2.0/summary?keywords=GLDAS). Daily root-zone 
soil moisture was obtained from the GLEAM dataset (https://www.
gleam.eu/). The datasets used to reproduce the methods and find-
ings of this study are available via Zenodo at https://doi.org/10.5281/
zenodo.17861863 (ref. 53).

Code availability
The code used for this study is available via Zenodo at https://doi.org/ 
10.5281/zenodo.17861863 (ref. 53).
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