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A B S T R A C T

Heatwaves increasingly impact ecosystems, human health, and economic activities worldwide. As their fre
quency and intensity rise, understanding the mechanisms driving heatwave dynamics and interactions with land 
surface processes becomes crucial. While numerous studies have examined atmospheric and land surface vari
ables, the role of groundwater, through its effects on soil moisture and surface evaporative fluxes, remains less 
understood. Although modeling approaches at various scales have enhanced our understanding of groundwater- 
atmosphere coupling, machine learning (ML) enables capturing complex, nonlinear interactions and evaluating 
the relative importance of key drivers globally. We developed pixel-based ML models to estimate global summer 
heatwave frequency over the past 21 years. For each pixel, we considered data within a 1.5◦ radius (149 
neighboring pixels), identified as the optimal scale through a saturation radius analysis. We used feature 
importance metrics to identify the dominant drivers among surface fluxes, land characteristics, atmospheric and 
hydrological variables, and interpreted these results in relation to contrasting groundwater depths (<10 m and 
>100 m). We ensured robustness using 10-fold cross-validation and confirmed that results were not driven by 
randomness with two additional validation runs on a subset of the data, with shuffled targets and randomized 
covariates. Our findings suggest that geopotential height showed the highest relative importance among pre
dictors in regions with deep groundwater tables, while in areas with shallow groundwater, surface fluxes emerge 
as the key contributor. Incorporating groundwater-related processes may therefore improve understanding of 
land-atmosphere interactions and support more robust assessments of future heatwave risks.

1. Introduction

Land heatwaves, defined as periods of prolonged temperature 
anomalies, have become more frequent and intense since 1950 due to 
climate change and anthropogenic activities (Seneviratne et al., 2023). 
Their frequency, severity, and duration are projected to increase in the 
near future (Mazdiyasni et al., 2019; Perkins-Kirkpatrick and Lewis, 
2020; Russo et al., 2015). Heatwaves affect multiple sectors, including 
infrastructure, energy and water demand, food security, ecosystems, and 
human health. Extensive research has been conducted on the mecha
nisms driving heatwaves from regional (Galarneau et al., 2012; Raei 

et al., 2018) to global scales (Jiménez-Esteve and Domeisen, 2022; 
Perkins, 2015; Wehrli et al., 2019; Wu et al., 2023).The primary physical 
drivers of heatwaves have been categorized based on their spatial and 
temporal characteristics (Barriopedro et al., 2023; Domeisen et al., 
2023). Amongst them, atmospheric processes, such as large scale 
advection (Jiménez-Esteve and Domeisen, 2022), as well as blocking 
and anticyclonic conditions (Suarez-Gutierrez et al., 2020) have been 
widely identified as significant contributors.

In addition to atmospheric processes, land surface processes and 
their feedback have been identified as key influences on heatwave dy
namics (Fischer et al., 2007; Seneviratne et al., 2006). Our analysis 
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primarily focuses on the role of land surface drivers, particularly the 
extended soil moisture - temperature feedback, which is crucial in 
shaping extreme-temperature events (Hsu and Dirmeyer, 2023; Miralles 
et al., 2019; Vogel et al., 2018). Soil moisture deficit impacts the in
tensity and duration of heatwaves by shifting surface energy balance and 
thus changing surface temperature, depending on climatic and moisture 
regimes (Aminzadeh et al., 2016; Hirschi et al., 2011; Miralles et al., 
2014; Sehler et al., 2019). In transitional regimes between dry and wet 
climates (Vogel et al., 2017), both latent and sensible heat fluxes are 
highly sensitive to soil moisture variations (see Figure 1 in Hsu and 
Dirmeyer, 2023). Under dry conditions, limited surface moisture results 
in reduction of latent heat flux, thus shifting radiative energy parti
tioning into surface warming and increase in sensible heat flux 
(Aminzadeh and Or, 2017). In contrast, under wet conditions, latent flux 
is constrained by available energy rather than moisture. In addition, 
precipitation directly influences soil moisture and may, in turn, be 
modulated by changes in evapotranspiration (Koster et al., 2004; Sen
eviratne et al., 2013; Guillod et al., 2015).

Soil moisture can not only be influenced by precipitation and land 
management, but also by capillary rise from shallow groundwater ta
bles, depending on the soil texture (Fan, 2015; Shokri and Salvucci, 
2011; Vogelbacher et al., 2024). In areas with shallow groundwater 
tables (often defined as within the first 10m (Ferguson and Maxwell, 
2010; Mu et al., 2021)), groundwater and climate can be bi-directionally 
coupled (Cuthbert et al., 2019; Gleeson et al., 2011; Haitjema and 
Mitchell-Bruker, 2005).

This coupling enables climatic variables, such as precipitation and 
recharge, to influence groundwater levels, for instance through water 
flow within the unsaturated zone (Cerlini et al., 2021). In turn, 
groundwater can influence soil moisture by means of capillary rise and 
surface evaporative fluxes (see Figure 1 in Vogelbacher et al., 2024). 
Maxwell & Kollet (2008) further demonstrated the importance of water 
table depth on key land surface variables.

Beyond this vertical coupling, soil moisture also exhibits temporal 
persistence, known as soil moisture memory, whereby moisture anom
alies can influence the atmosphere’s thermal state and circulation 
(Rahmati et al., 2024; Song et al., 2019; Gao et al., 2018). Shallow 
groundwater tables can strengthen soil moisture memory by sustaining 
near-surface soil moisture during dry periods (Martínez-de la Torre and 
Miguez-Macho, 2019). These anomalies can furthermore propagate 
through the atmosphere, altering convection and large-scale circulation 
and inducing remote precipitation and climate impacts (Giles et al., 
2022; Koster et al., 2014, 2016).

Although coupled groundwater - atmosphere models across various 
spatial scales have improved our understanding of groundwater’s in
fluence on heat extremes (Keune et al., 2016; Maxwell and Kollet, 2008), 
the complex, nonlinear interactions among atmospheric, hydrological, 
and land surface variables remain difficult to assess on a global scale. 
Here, we apply machine learning (ML) to explore relationships between 
multiple covariates and heatwave events, while acknowledging that the 
direct contribution of groundwater cannot be quantified using this 
approach. With the development of localized, pixel-based ML models, 
we can identify the main environmental drivers of the calculated heat
waves and compare their relative importance across regions with 
shallow (<10 m) and deep (>100 m) groundwater depths.

This approach uncovers spatial patterns in the local model’s variable 
importance and demonstrates how the influence of covariates varies 
across contrasting groundwater depths. It extends existing knowledge 
and offers new insights into the land-atmosphere interactions that drive 
extreme temperature events worldwide.

2. Materials and methods

2.1. Heatwave definition and calculation

In this study, we define heatwaves as periods when the daily 

maximum temperature (Tmax) exceeds the 90th percentile (TX90p) for 
that day at each 25 × 25 km2 grid cell. To calculate this threshold, we 
used Tmax data for every pixel from 1991 to 2020, following the WMO 
base period and used a 15-day moving window (7 days before and after 
each day, following (Perkins and Alexander, 2013). We then subtracted 
TX90p from the observed Tmax, and any period with positive differences 
lasting more than three consecutive days, separated by at least one day, 
was counted as a heatwave.

Heatwave counts are calculated using the daily aggregated ERA5- 
Land 2 m maximum temperature dataset (Muñoz Sabater, J., 2019) 
from the European Centre for Medium-Range Weather Forecasts 
(ECMWF) for each summer month between 2001 and 2022 using Google 
Earth Engine (Gorelick et al., 2017). The summer months are considered 
as June, July, August (JJA), and December, January, February (DJF), for 
northern and southern hemispheres, respectively. Summer months were 
chosen for this analysis, as the effect of soil moisture feedback has been 
found especially strong during this period (Seneviratne et al., 2010; 
Teuling et al., 2009).

To analyze spatial patterns, heatwave frequencies are presented 
using average occurrences per year, by averaging over 21 years and 
attributed to land cover and climate class information. Land cover in
formation (ESA, 2017) is reclassified to six main classes (agriculture, 
forest, wetlands, natural vegetation, urban and bare land), following 
recommendations of Radwan et al. (2021) and Pacheco et al. (2018). 
Information on four main climatic regions (arid, tropical, temperate, and 
continental) are obtained by reclassified Koeppen-Geiger classes after 
Kottek et al. (2006) and Rubel et al. (2017). Both datasets were 
resampled to match the spatial resolution of heatwave calculations (25 
× 25 km2) (see Fig. S1 and Table S1 in supplementary material section). 
Results are presented only for classes with at least 100 observations to 
ensure reliable findings.

To compare the frequency of heatwave events across different land 
use types and climate regions, we first calculate a group value for each 
unique combination of land use and climate class (Eq. (1)). These group 
values are then normalized relative to the minimum and maximum 
values observed across all combinations (Eq. (2)). 

HWLC,CC =
1

n(j − i)
∑n

k=1
HWk (1) 

with HW for each land cover (LC) and climate class (CC) combination, 
the total number of heatwave events at pixel k over the observation 
period between start year (i) and end of the period (j), and n, the number 
of pixels within the corresponding land cover and climate class group. 

HWNorm. =
HWLC,CC − min

(
HWLC,CC

)

max
(
HWLC,CC

)
− min

(
HWLC,CC

) (2) 

with the minimum (and maximum, respectively) of average HW events 
per LC-CC group.

Additionally we used Kendall’s tau test to investigate significance of 
monotonic trend (Mann, 1945) of the annual time series of summer 
heatwave events (defined as sum of events per pixel for each year) using 
the Kendall package within the R environment following Abdi et al. 
(2019) and McLeod (2005). We selected a 95 % significance level (p <
0.05) as threshold for significance testing over the time period 
(2001–2022) and depicted the resulting tau values spatially for areas of 
shallow and deep water tables. For the yearly analysis, we normalized 
the annual HW value for each LC-CC combination in relation to its water 
table class and corresponding year and applied Eq. (2) for a normalized 
representation. We present the time series of normalized annual HW 
values for each LC-CC combination using locally smoothed scatter plots 
within R (Wickham and Sievert, 2016), based on the locally weighted 
regression (loess) method (Cleveland and Devlin, 1988).
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2.2. Groundwater depth

The analysis focuses on two extremes of groundwater depth: shallow 
(<10 m) and deep (>100 m) water tables. Shallow water tables are 
closely linked to bidirectional land-atmosphere coupling, where 
groundwater both responds to climate and influences it through soil 
moisture-temperature feedback (Cuthbert et al., 2019). Previous studies 
have further identified distinct regimes of land surface water-energy 
balance. Deep water tables (>100 m), being largely disconnected from 
the surface, are classified as energy-limited systems predominantly 
controlled by atmospheric conditions. In contrast, regions with inter
mediate groundwater depths (~10 m) are more tightly coupled to sur
face processes, where even small changes in depth can substantially 
affect soil moisture availability (Ferguson and Maxwell, 2010). Consis
tent with this, Mu et al. (2021) identified the 10 m threshold as critical, 
finding greater evaporation contributions when water tables were 
shallower than 10 m but lower contributions at deeper levels.

To investigate the role of groundwater depth on parameters corre
lated with heatwave events, we used groundwater head data of 
GLOBGM groundwater model (Verkaik et al., 2024) for the summer 
months between 2001 and 2015 (JJA for northern and DJF for southern 
hemisphere, respectively). Water table classes were defined based on the 
long-term average groundwater depth for the respective summer month, 
calculated from the start of the observation period (2001) to the end of 
available model data in (2015).

The data distribution is shown in Fig. S2. Shallow water table depths 
cover 19 % of analyzed land surface, whereas deeper groundwater tables 
are prevalent in 26 % of area (inset in Fig. S1a). Groundwater depth 
distributions are broadly similar across climate classes. Shallow 
groundwater is most prevalent in wetland areas across all climate zones 
(Fig. S2b). The distribution of shallow and deep water table depths 
(corresponding to the upper and lower 25th percentile) show a majority 
of shallow water tables at 2.5 m and of deep water tables at 150 m 
(Fig. S2c–e).

2.3. Model development

To capture the drivers of heatwave formation, we compiled a 
comprehensive dataset including atmospheric variables, surface fluxes, 
hydrological variables and land characteristics. Geopotential height at 
at 550 hPa was chosen as a proxy variable to represent blocking 
mechanisms in the atmosphere hindering large scale advection and 
contributing to the onset of heatwaves (Zschenderlein et al., 2019), 
while long-term averages (2001–2022) of surface temperature and 
precipitation accounted for dominant climate conditions.

We included sensible heat flux, solar radiation, soil surface temper
ature, and total evaporation to represent land-atmosphere interactions. 
Soil moisture deficits modify surface energy fluxes by enhancing sensi
ble heat exchange and raising near-surface air temperature (Aminzadeh 
et al., 2021; Seneviratne et al., 2006), while increased solar radiation 
under persistent anticyclonic conditions further amplifies heatwave 
development through enhanced evaporation and sensible heating 
(Miralles et al., 2014; Seneviratne et al., 2010).

As previous studies have shown that preceding soil moisture deficits 
(Durre et al., 2000; Sillmann et al., 2017) and decreased spring pre
cipitation influence the development of summer heatwaves (Della-Marta 
et al., 2007; Vautard et al., 2023), we included antecedent hydrological 
conditions. To capture groundwater influences, we incorporated 
monthly modeled groundwater depth (Verkaik et al., 2024), considering 
both indirect effects on soil moisture and evapotranspiration via capil
lary rise (Gao et al., 2017; Kollet and Maxwell, 2008) and potential 
direct impacts on surface-atmosphere interactions. Because vegetation 
and land use have shown to influence soil moisture-climate interactions 
and heatwave dynamics (Hassani et al., 2021; Teuling et al., 2010; 
Thiery et al., 2020), we included land cover fractions and the Normal
ized Difference Vegetation Index (NDVI) in the analysis. A summary of 

all covariables in depicted in Fig. S3.
Monthly climate data, including precipitation, land surface temper

ature, sensible heat flux, downward solar radiation, and total evapora
tion were obtained from the ERA5-Land Reanalysis dataset (Muñoz 
Sabater, J., 2019), while daily gridded surface soil moisture was har
nessed from the ESA-CCI combined product (Dorigo et al., 2017; Gruber 
et al., 2019; Preimesberger et al., 2021). Geopotential height data were 
sourced from ERA5 monthly data (Copernicus Climate Change Service, 
2019), land cover fractions from Copernicus (Buchhorn et al., 2020), 
NDVI from MODIS 16-day product (Didan, 2021), and groundwater 
head from the GLOBGM model (Verkaik et al., 2024). Precipitation and 
soil moisture were summed over the preceding five months for each 
summer month, while surface sensible heat flux and total evaporation 
were aggregated monthly. Monthly averages were used for solar radia
tion, NDVI, and groundwater depth, and monthly maxima for surface 
soil temperature. All datasets were resampled to the heatwave grid 
resolution using R (R Core Team, 2021) and Google Earth Engine 
(Gorelick et al., 2017). Data were extracted for each grid cell over 21 
years (200 013 pixels) and compiled into a matrix of ~12.6 million 
rows. An overview of used data sets is provided in Table S2 (Supple
mentary Material).

Fig. 1 summarizes the model procecure to develop pixel-based ML 
models worldwide that capture the monthly occurrence of heatwaves 
including neighboring pixels with a resolution of 25 × 25 km2.

To avoid potential biases in the model training due to temporal 
trends or spatial clustering, the data was randomly shuffled and tem
poral and spatial information were removed from the data matrix. The 
dataset was then split into 65 % training and 25 % testing data, with 10 
% prior excluded for validation purposes. A comprehensive grid search 
was conducted to identify optimal hyperparameter settings using 
training, testing and validation datasets (see Table S3 for information on 
selected parameters). In total, 108 models were evaluated across com
binations of four key hyperparameters: maximum tree depth, number of 
boosting iterations, learning rate (eta) and the minimum weight which is 
required for the creation of a new tree. While the Random Forest algo
rithm was also tested for comparison, XGBoost outperformed it (see 
Table S3), and was therefore selected for the final analysis. Local models 
were developed for each grid cell using data from surrounding pixels. 
Due to the large dataset size, it was not possible to train each of the 200 
013 models on an individual radius. Therefore, we determined the 
saturation radius, defined as the radius where the R2 of the testing 
dataset begins to plateu (slope <0.01) for a randomly selected subset of 
1000 globally distributed points. We built models for each point using 
radii from 0.26◦ to 5.1◦ in 0.25◦ increments, resulting in 20 000 models 
for the radius optimization (Fig. 2a).

These models were trained and evaluated using 10-fold cross- 
validation on test and validation datasets. Performance analysis 
showed that a majority of saturation radii occurred at 1.5◦ or below 1.5◦

(Fig. 2b) and average accuracy declined beyond this radius (Fig. 2c). 
Consequently, a radius of 1.5◦ was adopted as a balanced scale between 
physical relevance and predictive performance, and applied to all pixel 
locations using 10-fold cross validation with the best-performing 
hyperparameters. Moreover, this radius represents a physically mean
ingful mesoscale at which both land-surface and atmospheric processes 
interact. Soil-moisture variability and land-atmosphere coupling typi
cally operate over.

50–400 km spatial extents (Seneviratne et al., 2010), and similar 
resolutions are used in reanalysis and global model experiments such as 
GLACE and CMIP5 (Koster et al., 2011; Schwingshackl et al., 2018). This 
scale captures the dominant footprint of soil-moisture temperature 
feedback and regional circulations, while maintaining compatibility 
with the spatial scales of available datasets. The final models balance 
accuracy and robustness, and their performance is shown in Fig. 3.

Model performance was higher in areas with shallow water tables 
(median R2 = 0.78, Fig. 3a) compared to deep water tables (median R2 

= 0.63; Fig. 3b). Lower performance occurred mainly in coastal regions, 
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and in complex terrain, likely due to reduced input data where the local 
radius approach captures fewer neighboring pixels. To validate results, 
we ran two additional model sets on 1000 sample locations, each with 
shuffled targets and randomized covariates, both yielding outcomes 
clearly distinct from the main models.

3. Results and discussion

3.1. Heatwave occurrences over deep and shallow water tables

We analyzed heatwave frequencies between 2001 and 2022 over 
shallow (<10m) and deep (>100m) water tables. Fig. 4 depicts the 
global distribution of average annual HW events.

The average of annual heatwave events was obtained using the mean 
of the total sum of summer heatwaves over 21 years for each pixel. Areas 
including the Great Plains in Minnesota and Sacramento, California, as 
well as the Pampas (Argentina), Brazil’s Mato Grosso and the Congo 
Basin stand out for frequent HWs with more than a total of 36 HW per 

pixel (over 21 years) or 1.7 HW per year (upper 25th percentile) over 
shallow water tables (Fig. 4a). Additionally, frequent HW events within 
the upper 25th percentile have been observed in the Caucasus region, 
East China, and parts of eastern Australia. Similar regions have also been 
identified in previous works (Boschat et al., 2015; Chen et al., 2023; 
Smith et al., 2013). The distribution (inset in Fig. 4a) shows a majority of 
1.5 HW events per grid cell per year for an area of 11 361 pixels (cor
responding to 7.1 million km2), which is approximately the size of 
Australia. For shallow water table areas, 26 % of grid cells are within the 
upper 25th percentile.

Over regions with deep-water table, areas with high HW frequency 
(within upper 25th percentile, i.e., more than a total of 36 HW per pixel) 
are prevalent along the western US coastline, as well as over the Medi
terranean region and Asian mountain regions (Fig. 4b), which were also 
reported in previous works (Lopez et al., 2018; Molina et al., 2020). 
Notable differences in the frequency of heatwave events over shallow 
and deep water tables emerge at the extremes (upper 25th percentile). 
Over deep water tables, a total of 32 % lies within the upper 25th 

Fig. 1. Flowchart of the modeling procedure. Data is represented in grey while steps are depicted in boxes. The outline of each step reflects the amount of data 
used. Large dots indicate the 1000 globally distributed test locations, while small dots represent the full set of 200 013 models. The surrounding line represents a 
single global model that includes all data without applying a radius.
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percentile (>36 HW events). While higher HW frequencies (42–58 total 
events) are more prevalent over deep water tables, areas with shallow 
water tables experience more heatwaves with lower frequencies (5–21 
events) (Histograms in Fig. 4).

Next, we show the distribution of heatwave events over different 
climate, land cover, and groundwater classes (Fig. 4c). To ensure a fair 
comparison, the annual event counts have been normalized based on the 
size of each class, relative to the minimum and maximum values among 
all analyzed classes. Most of the available data falls within continental 
and temperate climate zones. The absence of certain columns (in 
Fig. 4c), particularly in tropical regions, is due to values that did not 
meet the quality threshold of at least 100 observations (more informa
tion about the data distribution is depicted in Fig. S4). Over agricultural 
and forested areas in arid, continental, and temperate classes, we 
observed more events over deep water tables than over shallow water 
tables, with especially steep differences in arid climate (Fig. 4c). The 
distribution of those two classes however differs for each climate zone. 
While in arid regions, more HW events are found in forests than in 
croplands, no significant difference is observed for continental climate 
regions. In contrast, a reversed behaviour is found in temperate climates, 
where HW events are more frequent in agricultural areas and vegetated 
land than in forests. In tropical climate zones, differences between 
events over shallow and deep water tables were small for cropland, but 
higher for natural vegetated land. However, making a definitive 
distinction remains challenging due to underrepresentation of values for 
the remaining classes including wetlands, bare land and urban land 
cover (see Fig. S4).

To examine the potential climatic background dependency of HW 
frequency, we compared normalized HW values across aridity classes 
following the classification by Zomer and Trabucco (2024) (Fig. S5a). 
Overall, regions with shallow groundwater tables exhibited fewer HW 
events, with the lowest occurrence in hyper arid zones and only minor 
variations across arid and humid classes. No significant relationship was 
found between aridity class and the annual average number of HW 
events (Fig. S5b). Additionally, due to the percentile-based definition of 
HW events (90th percentile threshold), notable variability in HW fre
quency was still observed within the hyper arid regions (Fig. S5c and d).

Various factors which may influence HW occurrence have already 
been examined in previous studies at different scales (Aminzadeh et al., 
2021; Jiménez-Esteve and Domeisen, 2022; Liang et al., 2022; Suar
ez-Gutierrez et al., 2020). Crops in agricultural lands have typically 
shallow root systems and rely heavily on near surface moisture for 
transpiration, a key process that cools the surface through latent heat 
flux. Hence, when groundwater is shallow, these crops can maintain a 
buffer against warming. However, with deep groundwater, soil moisture 
diminishes rapidly under increased atmospheric evaporative demands, 
leading to increased sensible heat and the development of a positive 
feedback loop that amplifies heatwave occurrences over time 
(Seneviratne et al., 2010; Teuling, 2018). Additionally, the effect of 
irrigation might affect HW occurrences via enhanced soil moisture. To 
assess this, we compared HW events over irrigated and rainfed croplands 
(as classified in the dataset) and observed less HW occurrence in con
tinental and temperate climate zones for irrigated areas compared to 
rainfed croplands (see Fig. S6).

Fig. 2. Local model locations and performances over tested radii-sizes. (a) Saturation Radii of 1000 randomly sampled local models, tested across radii from 
0.26◦ to 5.01◦ to identify the optimal input radius. Dark grey areas represent total model coverage. Light grey areas around the equator particularly over the Amazon 
and Congo basins can be attributed to missing data within the satellite-based soil moisture dataset. (b) Histogram of saturation radii at example locations. (c) Median 
model performance (R2) of all 200 013 models. X-axis shows the tested radii sizes. Each point displays the average R2 over all 10 cross folds for each model. Red bar 
highlights the chosen radius.
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Next, we applied the Mann-Kendall trend test (at a 5 % significance 
level) to reveal regions with significantly increasing heatwave frequency 
between 2001 and 2022 (Fig. 5).

A similar relative coverage of hotspots with strong correlations 
(Kendall’s τ > 0.5) is found for both shallow and deep water tables (12 % 
for both). Over shallow water tables, strong correlations are prominent 
in the northern Rockies (British Columbia), northern South America 
(Colombian cities, Mato Grosso in Brazil), the Congo Basin, north of the 
Caspian Sea, and northern Australia (Fig. 5a). Strong correlations, 
indicating an increasing trend of HW events, are concentrated in arid 
and tropical regions, particularly over agricultural land, increasing over 
deep water tables. Over deep water tables, hotspots are concentrated 
over the Arabian Peninsula, south of the Caspian Sea, and Southeast Asia 
(Fig. 5c). These patterns align with previous findings (Varela et al., 
2020). The results obtained from the trend analysis are consistent with 
findings presented in Fig. 4, showing increasing (relative) HW occur
rences for agricultural regions with increasing water tables, along all 
climate regions for strong correlations (τ > 0.5) and strong increases 
with moderate correlation (0.25 < τ < 0.5) over continental and 
temperate climate (see Fig. S7). Moderate negative correlations (− 0.5 <
τ < − 0.25) occur in about 3 % of cases across both water table depths 
and are scattered across climate regions and land cover types.

For a yearly analysis of heatwave frequency over different land cover 
and climatic regions we applied the standardized heatwave occurrence 
index to normalize the HWF per land cover - climate class. Using locally 
weighted regression (loess), the observed trends are in accordance with 
the spatial distribution. Increases of heatwave occurrences over agri
cultural areas are less pronounced in regions with shallow water tables 
compared to those with deep water tables (Fig. 5b and d). Especially in 
continental climate and temperate climate, increases in HW events were 
stronger during the second decade (2011–2022), which could be 

attributed to generally increasing HW trends due to global warming 
(IPCC, 2014) as well as possibly intensified land-management. While 
barelands are also moisture-limited (similar to croplands), they do not 
have active biological processes of transpiration that could differentiate 
the impacts of groundwater depth. Therefore, both shallow and deep 
groundwater conditions in bareland result in similar incremental 
warming trends.

HWF increased similarly in forested areas over both water tables, 
with slightly more HW events in temperate climates over deep water 
tables. Over shallow water tables, noticeable changes between the first 
and second decade of the observation period occurred, compared to the 
more linear trends over deep water tables. Forests often benefit from 
deeper root systems and dense canopies that regulate the local tem
perature thus preventing rapid warming (sparse canopy cover in agri
cultural areas allows more solar heating of the soil). Moreover, Teuling 
et al. (2010) and van Heerwaarden and Teuling, (2014) highlighted the 
response of stomatal resistance to atmospheric conditions and the re
action to excess sensible heat as important variable accounting for HW 
occurrences. Analyzing rooting depths, soil moisture content at the root 
zone and vegetation’s ability to evaporate water from the root zone (e.g., 
as indicated by the leaf area index) could offer valuable additional in
sights into the behavior of vegetated land cover. Over wetlands, steep 
increases were observed in tropical, arid, and temperate climate zones, 
while no significant increases were noted in continental climates. This 
finding aligns with the results in Fig. 4, which show fewer heatwaves 
over wetlands in continental climates compared to other regions. This 
suggests that wetlands may have a cooling effect due to their evapora
tion characteristics (Hesslerová et al., 2019). Given the generally lower 
data coverage for wetlands, we emphasize the need for further research, 
as wetlands play a crucial role in providing ecosystem services, such as 
regulating the carbon cycle and greenhouse gas emissions (Pokorný 

Fig. 3. Local model metrics. R2 of local models for shallow (a) and deep (b) water table depths. Values smaller 0.5 are marked in red, while values higher 0.5 are 
marked in blue tones.
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et al., 2016).
In summary, our analysis indicates that heatwave occurrences were 

less frequent in regions with shallow water tables than in those with 
deeper water tables between 2001 and 2022, though with large vari
ability within climate and land cover regions. These findings were also 
supported by the trend analysis, showing strong correlations for 
increasing HW occurrences with increasing water table depth over 
agricultural regions but variability for other land cover classes. Addi
tionally, steeper increases in HW trends were observed during the sec
ond decade of observations. These findings suggest that groundwater 

depth might play a role in supporting soil moisture and thus affecting the 
mechanisms driving heatwave events. We propose to include ground
water level information in future endeavours of understanding HW 
mechanisms, as the sole impact of precipitation may not comprehen
sively capture soil moisture dynamics and its influences on surface en
ergy partitioning and thereby occurrence of HWs. This is particularly 
important for major agricultural regions and the security of global food 
production, as several of the outlined hotspots here lie within the so 
called bread-basket regions, where large portions of global wheat, 
maize, rice and soy are produced (see regions in Biess et al. (2024)).

Fig. 4. Spatiotemporal analysis of heatwave events (2001–2022) across regions with shallow and deep groundwater tables. Global maps (a and b) show the 
average annual number of heatwave events per 25 × 25 km2 grid cells from 2001 to 2022, based on the 90th percentile exceedance threshold relative to the WMO 
base period 1991–2020. Inset figures depict the histogram of the heatwave events. (c) Normalized HW occurrence over different climate regions and land cover 
classes. Brown and blue bars indicate the shallow and deep groundwater table depth, respectively.
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3.2. Insights into role of groundwater depth on parameters affecting 
heatwaves

Creating models capturing the frequency of heatwaves helps to 
identify the most important environmental parameter for each local 
model. These parameters are considered indicators for a strong rela
tionship between the parameter and heatwave events for that location 

(Fig. 6).
Based on the groundwater table depth, the relationship between the 

estimated heatwave events and the environmental variables varies 
spatially for shallow and deep water tables (Fig. 6). Atmospheric pro
cesses, represented in this study by long-term climatology and geo
potential height at 500 hPa (Loikith and Broccoli, 2012) showed a strong 
contribution to our estimated HW events. Over shallow water tables, 

Fig. 5. Trends of heatwave events over regions with shallow and deep groundwater tables. Maps in (a) and (c) depict Man Kendall’s tau values for positive and 
negative) correlations over areas with shallow and deep groundwater tables, respectively. Point plots (b and d) display the normalized heatwave occurrences 
(HWNorm.) between 2001 and 2022 across different land cover and climate classes using a loess-regression.
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Fig. 6. Spatial distribution of predictor importance for local heatwave models across shallow and deep groundwater tables. Global maps (a and c) display 
the predictor with the highest relative importance across ten validation folds for each local model over shallow (<10 m) and deep (>100 m) water table, respectively. 
The insets indicate the coverage (%) of each predictor. Predictors with less than 1 % are not labeled. (b) and (d) The percentage coverage of predictors across climate- 
and land cover classes. Empty columns represent classes without corresponding values for the selected groundwater table depth. Abbreviations: Average long term 
precipitation and land surface temperature (AvgP, AvgLST respectively), total evaporation (ET), Geopotential height (GeoH), accumulated 5-month precipitation 
(P5) and soil moisture (SM5), Sensible heat flux (SHF), Solar radiation (SolRad), Land surface temperature (LST).
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geopotential height (GeoH) contributed in 43 % of models as the main 
contributor to HW estimates, mainly over bare or scares vegetated land, 
especially along the Sahara, north of the Caspian sea and over Siberia 
(Fig. 6a and b). Over deep water tables, GeoH emerged as the main 
predictor in 77 % of models (Fig. 6c). The increased significance of 
geopotential height in regions with deep water tables suggests a ten
dency toward unidirectional coupling modes between the groundwater 
table and climate. In this case, atmospheric conditions primarily influ
ence surface processes (such as higher pressure levels trapping warm air 
below, leading to increased temperatures and moisture loss) without 
buffer capacity from groundwater contribution to soil moisture due to its 
greater distance to the surface. The overall strong contribution of GeoH 
might cover the importance of other surface processes, leading to 
increased land surface temperature (LST) and possibly HW events. In 
areas with lower GeoH contribution, LST has a stronger influence, 
especially over shallow water tables compared to deep ones. This may be 
due to the increased role of solar radiation and sensible heat flux (SHF), 
which are more significant in local models for shallow water tables. 
While solar radiation’s contribution to heatwave models showed only a 
slight decrease from 8 % for shallow to 7 % for deep water tables, SHF 
contribution reduced from 8 % to 1 %.

In tropical and arid regions with shallow water tables, solar radiation 
and SHF play a key role, particularly in naturally vegetated areas. In arid 
regions, higher solar radiation accelerates soil desiccation and increases 
LST thus enhancing SHF. Over vegetated land covers like shrublands and 
grasslands, where plants have shallow roots and sparse foliage, limited 
transpiration reduces latent heat cooling, contributing to higher tem
peratures. In tropical areas, soil saturation plays a key role. The 
importance of antecedent and long-term precipitation in these regions 
suggests higher soil moisture levels (Fig. 6b). In the presence of shallow 
water tables, soil saturation regulates surface temperature by adjusting 
evaporative and sensible heat fluxes (Orth, 2021). These findings help 
explain the behavior of surface fluxes in our local models. Although we 
initially expected SHF to have a greater influence over deep water ta
bles, GeoH displays the largest spatial coverage, while surface fluxes 
contribute more prominently in areas with shallow water tables. This 
suggests that atmospheric variables likely play an important role under 
both groundwater conditions, whereas surface processes appear more 
influential where water tables are shallow (see Fig. S8 and Table S5 for 
further information).

These findings provide additional insights into how groundwater 
depth influences various environmental parameters linked to heatwave 
events. The application of local ML models allowed us to identify regions 
globally, where the importance of variables in determining HW events 
differ for shallow and deep water tables. While the presented results 
suggest coupling mechanisms that enhance the importance of soil 
moisture–temperature feedback (especially over regions with shallow 
water table), these can change, especially during extreme events (P. 
Dirmeyer et al., 2012; Koster et al., 2004; Seneviratne et al., 2006). 
Under possibly warmer future climate, such shifts in land surface in
teractions may become more frequent and pronounced as rising tem
peratures drive higher evaporative demand, potentially leading to drier 
soils regardless of precipitation trends (P. Dirmeyer et al., 2016). These 
findings underscore the crucial influence of soil and vegetation in 
shaping near-surface climate dynamics (Orth, 2021). Moreover, drier 
conditions increase the susceptibility to compound events (Ridder et al., 
2020), like HW combined with droughts or wildfires, affecting thou
sands of people and leading to severe socio economic damages.

4. Limitations

This study aimed to investigate the often-overlooked role of 
groundwater in heatwave dynamics, by including the potential role of 
water table depth on land surface processes, related to heatwave 
occurrence. 

• We used monthly long-term averages (between 2001 and 2015) 
obtained from a state-of-the-art groundwater model due to the 
limited availability (until 2015) of current model outputs and ob
servations. Therefore, we acknowledge that the temporal variability 
of groundwater depth is not captured. Moreover, reclassification and 
aggregation to unify all datasets introduces biases, which must be 
considered when interpreting the results. However, availability of 
continuous data for the entire period of the study (2001–2022) 
would enable us to address the role of dynamic variations in water 
table depth.

• The applied global groundwater model was used to delineate areas 
with shallow and deep water tables, forming the basis for classifying 
regions with potentially distinct land-atmosphere feedback mecha
nisms. However, global groundwater models are subject to consid
erable uncertainty, particularly in regions with deep water table, due 
to their strong dependence on topography (Reinecke et al., 2021; 
Wagener et al., 2021). While our analysis focuses on the shallow and 
deep groundwater conditions, further investigations should address 
the role of the widespread transitional zone (10–100 m) with dy
namic partial coupling (Silvestri et al., 2025). To better assess the 
potential impact of this uncertainty, we overlaid modeled ground
water depth uncertainty (Reinecke et al., 2024) with the spatial lo
cations of local models used in this study (see Fig. S9). While this 
uncertainty may influence the interpretation of results, potentially 
shifting areas classified as having shallow water tables into deeper 
categories, our primary focus remains on the indirect influence of 
groundwater on land-atmosphere interactions.

• Incorporating an uncertainty band based on multiple groundwater 
models would enhance the analysis, but this was beyond the scope of 
the present study, which involved extensive computational efforts, 
including 144 models for hyperparameter tuning, 20 000 for optimal 
radius selection, and over 200 000 local model runs. Such re
finements could be addressed in future research.

• The used groundwater model includes a one-layer structure, with a 
simplified two-layer representation where aquitards (confining 
layers) are present. (For more detail, we refer to Figure 2 in de Graaf 
et al. (2017)). A comparison of shallow groundwater areas with the 
model’s structural layers revealed substantial overlap with the upper 
aquifer, suggesting potential for stronger land-atmosphere coupling. 
In some regions, such as northeastern Canada, northeastern Europe, 
and areas north of the Caspian Sea, confining layers (aquitards) are 
present, which may influence this coupling (see Fig. S10). However, 
as noted by de Graaf et al. (2017), the representation of aquitards in 
global models might differ from reality and, especially when overlain 
by fine-grained sediments, may still permit vertical water movement, 
making them effectively leaky or semi-confined. For this reason, 
these areas were retained in the analysis. 
• This analysis focused on investigating heatwave frequency, while 

including metrics on heatwave intensity, magnitude, and duration 
could provide deeper insights into the role of water table on 
related parameters and address the interdependence between HW 
characteristics (AghaKouchak et al., 2020).

• While the use of reanalysis (ERA5-Land) temperature data for the 
estimation of heatwaves ensures spatial and temporal consistency as 
well as public accessibility, local temperature peaks might be 
smoothed due to the nature of the dataset (temporal and spatial 
resolution), consequently leading to an underestimation of HW fre
quency compared to ground observations, especially over complex 
terrains. However, for the spatial scale and framework of this global 
study, ERA5-Land provides a suitable and consistent data source. 
Although other reanalysis datasets such as CFSR, JRA-55, or de
rivatives like TerraClimate exist, the temporal and spatial perfor
mance of ERA5 and ERA5-Land motivated the choice to rely on 
ECMWF products. Nonetheless, the optimal dataset should be eval
uated individually for each study’s specific context and objectives 
(Cerlini et al., 2023).
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• Capturing all potential drivers of heatwave, including their feedback 
loops, is challenging due to the manifold, often nonlinear in
teractions involved. This work focused mainly on physical land 
drivers, intentionally excluding variables like sea surface tempera
ture and ocean oscillations (e.g., El Niño, La Niña, IOD, SAM). While 
major drivers were represented, we acknowledge that not all possible 
variables were considered, and future research could incorporate 
additional variables.

• We included several energy-balance variables (LST, SHF, solar ra
diation, ET, SM) that are strongly interrelated and correlated with air 
temperature. Solar radiation drives surface heating (Seneviratne 
et al., 2010), whereas soil moisture regulates the partitioning of 
available energy into latent and sensible heat fluxes (Schwingshackl 
et al., 2018), leading to multicollinearity among these variables. 
Although this collinearity may bias individual feature-importance 
scores, including these variables enables the model to capture the 
interplay of multiple energy and water fluxes that contribute to 
heatwave formation. The gain-based importance metric in XGBoost 
distributes importance among correlated variables according to their 
contribution to loss reduction across all trees. This prevents any 
single variable from dominating the importance ranking but reduces 
individual scores. We recognize that model results depend on the 
choice of covariates, and removing highly correlated variables like 
LST could shift the relative importance toward other drivers, such as 
evaporative or sensible heat fluxes, without fundamentally changing 
the physical interpretation of the results.

• To account for model uncertainty and to achieve robust and consis
tent model outcomes, a 10-fold cross-validation approach was 
applied during the development of local models. This method sys
tematically partitions the data into training and testing subsets, 
ensuring reliable model performance. Moreover, we tested the model 
results against randomness by applying two additional model runs 
using shuffled heatwave data as well as randomized covariates and 
obtained significantly different results, indicating reliable model 
robustness. Since the objective of this study was to identify the most 
influential predictors rather than to forecast future heatwave events, 
preserving temporal or spatial autocorrelation was not essential. 
Random shuffling of the data helped eliminate potential temporal 
trends and spatial clustering that could bias model training, ensuring 
an unbiased assessment of predictor importance within the machine- 
learning framework. We compared local model performance using 
the R2 of local models, which were generally high across most re
gions but tended to be lower in high-relief and coastal areas. This 
likely reflects both the challenges of reliable model input data in 
complex terrains and the limitations of the localized modeling 
approach in coastal areas. The extensive computational cost of 
parameter tuning for all pixel-based models contributed to these 
performance variations. Future work could focus on improving 
model accuracy in lower-performing regions, particularly those with 
sparse data or complex hydrogeological settings.

5. Conclusions

We examined 21 years of past heat wave events at the monthly and 
annual scale over different climate and land cover classes for areas with 
shallow and deep water tables. We found high variability in HW oc
currences, but clearer patterns emerged at the extremes (within the 
upper 25th percentile of HW events). More regions with deep ground
water levels experienced higher HW frequencies (2–3 events/year), 
whereas a larger area with shallow groundwater levels experienced 
fewer HW events (1–2 events/year). Statistically significant increasing 
trends with strong correlations were observed in about 12 % of the cases, 
distributed over both water table depths. Annual patterns revealed that 
the increase in heat wave events over agricultural areas was about half 
as pronounced in regions with shallow groundwater levels compared to 
deeper groundwater levels. In addition, potential buffering effects were 

found in continental climates and wetlands, where regression analysis 
indicated a slower increase in heatwave frequency over shallow 
groundwater areas.

We developed a global set of local ML models to investigate the re
lationships between groundwater table and environmental parameters 
linked to heatwaves. We analyzed a variety of land-surface drivers and 
investigated key predictors for each local heatwave model, serving as 
indicators for a strong relationship between the relevant variable and 
occurring heatwave events for a given location. The model results 
indicate distinct correlations over varying groundwater table depth. 
Estimated heatwaves over areas with shallow groundwater tables are 
mainly influenced by land-surface drivers such as surface soil temper
ature, sensible heat flux and radiation, while the estimated heatwaves 
over areas with deep groundwater are more influenced by atmospheric 
drivers such as geopotential height (at 500 hPa).

These results are consistent with the hypothesis of bidirectional 
coupling in shallow water table regions, where land surface processes 
not only respond to climate conditions, but also have the potential to 
buffer atmospheric dynamics through soil moisture-temperature feed
back. In contrast, this coupling diminishes as the water table deepens, 
leading to a more decoupled system where atmospheric drivers seem to 
dominate heatwave processes. This insight enhances our understanding 
of groundwater’s role in soil moisture-temperature coupling and its 
possible influence on environmental parameters which are linked to the 
formation of heatwaves. In future works, these findings will be partic
ularly addressed for wetlands and water stressed regions. Due to their 
ecological richness and vulnerability to heat extremes, and the present 
shallow water table, further research attributed to those regions is of 
utmost importance and serves to further extend our understanding of 
groundwater-atmosphere coupling.
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Data availability

All data used for the heatwave analysis and model set up are publicly 
available with the required references provided in the manuscript. In 
detail, the underlying temperature data for the calculation of heatwaves 
as well as the monthly climate data used for the model set up is made 
available from the European Centre for Medium-Range Weather Fore
casts (ECMWF) https://doi.org/10.24381/CDS.68D2BB30. Geo
potential data used for the model set up is sourced from https://doi. 
org/10.24381/CDS.6860A573. Soil moisture time series used for the 
model set up was obtained from the European Space Agency Climate 
Change Initiative (ESA-CCI) combined soil moisture product at 
https://doi.org/10.1016/j.rse.2017.07.001. Land cover fractions (of 
2019) used for the model set up are obtained from https://land. 
copernicus.eu/en/products/global-dynamic-land-cover/copernicus-glo 
bal-land-service-land-cover-100m-collection-3-epoch-2019-globe 
#download .

Normalized Difference Vegetation Index (NDVI), used for the model 
set up is obtained from https://doi.org/10.5067/MODIS/MOD13A2 
.061. Groundwater depth information was derived from https://doi. 
org/10.24416/UU01-44L775.

Land cover information for the result interpretation is obtained from 
https://climate.esa.int/en/projects/land-cover/#mrlc-maps-series 
-from-1992-onwards-(v207-and-v2.1.1). Climate classes used for the 
result interpretation are obtained from https://doi. 
org/10.1127/0941-2948/2006/0130.
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Mega-heatwave temperatures due to combined soil desiccation and atmospheric heat 
accumulation. Nat. Geosci. 7 (5), 345–349. https://doi.org/10.1038/ngeo2141.

Molina, M.O., Sánchez, E., Gutiérrez, C., 2020. Future heat waves over the 
Mediterranean from an Euro-CORDEX regional climate model ensemble. Sci. Rep. 10 
(1), 8801. https://doi.org/10.1038/s41598-020-65663-0.

Mu, M., De Kauwe, M.G., Ukkola, A.M., Pitman, A.J., Guo, W., Hobeichi, S., Briggs, P.R., 
2021. Exploring how groundwater buffers the influence of heatwaves on vegetation 
function during multi-year droughts. Earth Syst. Dyn. 12 (3), 919–938. https://doi. 
org/10.5194/esd-12-919-2021.
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