Earth’'s Future

RESEARCH ARTICLE
10.1029/2025EF006486

Key Points:

e Tropical regions face a projected
increase of over 100 heatwave days by
2100, significantly impacting
terrestrial water resources

e Heatwave is modulated by land-
atmosphere interactions, with regional
differences in these processes influ-
encing varied global patterns

o WAF and ARP exemplify contrasting
heatwave dynamics driven by
monsoonal flows in WAF and
subtropical ridges in ARP

Supporting Information:

Supporting Information may be found in
the online version of this article.

Correspondence to:

W. Zhou,
wen_zhou@fudan.edu.cn

Citation:

Adeyeri, O. E., Zhou, W., Ndehedehe,

C. E., Ishola, K. A., Laux, P., Akinsanola,
A. A, et al. (2025). Global heatwaves
dynamics under climate change scenarios:
Multidimensional Drivers and Cascading
Impacts. Earth's Future, 13,
€2025EF006486. https://doi.org/10.1029/
2025EF006486

Received 23 DEC 2024
Accepted 18 MAY 2025

Author Contributions:

Conceptualization: Oluwafemi

E. Adeyeri

Data curation: Oluwafemi E. Adeyeri
Formal analysis: Oluwafemi E. Adeyeri
Funding acquisition: Wen Zhou
Investigation: Oluwafemi E. Adeyeri
Methodology: Oluwafemi E. Adeyeri
Project administration: Wen Zhou
Resources: Oluwafemi E. Adeyeri,
Wen Zhou

Software: Oluwafemi E. Adeyeri
Supervision: Wen Zhou, Xuan Wang
Validation: Oluwafemi E. Adeyeri,
Wen Zhou, Christopher E. Ndehedehe
Visualization: Oluwafemi E. Adeyeri

© 2025. The Author(s).

This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

'.) Check for updates

A n . l ADVANCING
nu EARTH AND

-~ SPACE SCIENCES

ik
Global Heatwaves Dynamics Under Climate Change
Scenarios: Multidimensional Drivers and Cascading Impacts

Oluwafemi E. Adeyeril’2 , Wen Zhou™*, Christopher E. Ndehedehe>®, Kazeem A. Ishola”,
Patrick Laux® (9, Akintomide A. Akinsanola'’, Mame D. B. Dieng’ ¢, and Xuan Wang’

'ARC Centre of Excellence for the Weather of the 21st Century, Fenner School of Environment and Society, The Australian
National University, Canberra, ACT, Australia, Low-Carbon and Climate Impact Research Centre, School of Energy and
Environment, City University of Hong Kong, Kowloon, Hong Kong, *Key Laboratory of Polar Atmosphere-Ocean-Ice
System for Weather and Climate, Ministry of Education and Department of Atmospheric and Oceanic Sciences and Institute
of Atmospheric Sciences, Fudan University, Shanghai, China, 4Key Laboratory for Polar Science of the MNR, Polar
Research Institute of China, Shanghai, China, 5School of Environment and Science, Griffth University, Nathan, QLD,
Australia, SAustralian Rivers Institute, Griffith University, Nathan, QLD, Australia, 7Department of Geography, Irish
Climate Analysis and Research UnitS (ICARUS), Maynooth University, Maynooth, Ireland, $National Centre for
Geocomputation, Maynooth University, Maynooth, Ireland, Institute for Meteorology and Climate Research Atmospheric
Environmental Research, Karlsruhe Institute of Technology, Karlsruhe, Germany, '°Department of Earth and
Environmental Sciences, University of Illinois, Chicago, IL, USA

Abstract Heatwaves are intensifying globally due to climate change. However, the contributions of large-
scale atmospheric processes and land-atmosphere interactions to heatwave dynamics and their cascading
impacts on water resources and human exposure are not fully understood. This study investigates heatwave
frequency (HWF) across 50 global regions, spanning historical (1979-2014) and future periods (2025-2060
and 2065-2100) under SSP 370 (regional rivalry) and SSP 585 (fossil-fuel development) scenarios. Using
bias-corrected general circulation model simulations and reconstructed terrestrial water storage (TWS) data,
we quantify the contributions of atmospheric processes to HWF modulation and assess the impacts of HWF
and temperature changes on water storage deficits using TWS drought severity index (TWS-DSI) and
standardized temperature index (STI). We show that Western Central Asia exhibits moisture divergence
driven by significant positive thermodynamic effects, which correlates with increased HWF. In West Africa,
moisture flux divergence at 1,000 hPa accounts for 45% of HWF variability, while relative humidity at
300 hPa explains 58% of HWF changes in East Asia. HWF and STI strongly influence TWS-DSI, with high
STI intensifying TWS deficits. Concurrent high HWF and wet conditions in Western North America are
linked to atmospheric blocking and hydrological persistence, highlighting complex illative mechanisms. We
project population exposure to HWF to rise tenfold globally by 2100, with regions such as South Asia
experiencing over 100% increases due to combined climate and population effects. These findings emphasize
the need for tailored adaptation strategies to mitigate heatwave impacts and ensure resilience in a warming
world.

Plain Language Summary Heatwaves are becoming more common due to climate change,
posing serious challenges for human health, ecosystems, and water resources. This study explores the
patterns and causes of heatwaves across 50 regions worldwide, examining both past and future patterns
under different climate scenarios. Using advanced climate models and terrestrial water storage data, we
investigate how regional factors, such as atmospheric moisture movement, influence heatwaves. We
found that regional conditions play a significant role in shaping heatwave patterns. For example, in areas
like Western Central Asia and East Asia, moisture loss from the atmosphere is linked to more frequent
heatwaves. The study also highlights how heatwaves interact with droughts and temperature extremes. In
many regions, extreme heat leads to significant water shortages and worsening drought conditions.
However, in some cases, heatwaves can occur without causing drying, showing the diversity of impacts
across regions. By 2100, the number of people exposed to heatwaves is expected to increase tenfold,
particularly in South Asia and Eastern Africa, due to rising temperatures and population growth. These
results highlight the urgent need for tailored solutions to reduce heatwave risks and protect the most
vulnerable communities.
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1. Introduction

Heatwaves, characterized by prolonged periods of exceptionally high temperatures, are a growing threat in our
changing climate (Adeyeri, Zhou, Ndehedehe, & Wang, 2024; Clarke et al., 2022; Fischer et al., 2021; Perkins-
Kirkpatrick & Lewis, 2020; Schir, 2016). Their impacts extend beyond discomfort; they are becoming
increasingly dangerous, with significant consequences for human health, ecosystems and socioeconomies. They
are associated with heightened human mortality and, morbidity (Xu et al., 2016), as well as severe environmental
degradation. As an illustration, the 2010 Russian heatwaves resulted in over 50,000 deaths, more than 500,000 ha
of burned land, and US$15 billion of total economic losses (Barriopedro et al., 2011). Similarly, 2003 European
heatwaves claimed over 40,000 deaths (Miralles et al., 2014), and heatwaves between 2002 and 2015 caused over
100,000 deaths in Latin America (Kephart et al., 2022). In 2014, Southern Africa experienced significant crop
losses and food shortages due to heatwaves, potentially resulting in US$7.4 billion regional economic losses in
gross domestic product (IPCC, 2022; Nick et al., 2022). These catastrophic events underscore the increasing
frequency and intensity of heatwaves, which are a direct consequence of global climate change. Regardless of
future emission trajectories, global mean temperatures will continue to rise, exacerbating this pattern. Climate
change, therefore, serves as the primary driver of the increasing prevalence of extreme heat phenomena (Fischer
et al., 2021), making understanding and mitigating these impacts critical for societal resilience and safeguarding
both human and ecosystem well-being.

Nevertheless, despite the growing threat of extreme heat, our understanding of how climate change affects
heatwaves remains limited. This knowledge gap stems from the complexity of the underlying physical processes,
including large-scale atmospheric circulation patterns, land-atmosphere interactions, land use changes, energy
and moisture feedback mechanisms, and wave activity fluxes (Adeyeri, Zhou, Laux, Wang, et al., 2023; Ha
et al., 2022; Wang et al., 2021; Zipper et al., 2019). These processes which contribute to the development and
persistence of extreme heat, remain only partially understood. More importantly, these impacts vary worldwide,
necessitating uneven distributions of heatwave impacts across the globe. For example, research suggests that
atmospheric circulation patterns driving heatwaves often involve abnormally stagnant high-pressure systems
(Rothlisberger & Papritz, 2023; Xiao et al., 2024). These systems are linked to hemisphere-wide wave number
seven circulation patterns observed in North America, Western Europe, and the Caspian Sea region (Kornhuber
et al., 2019), where subsidence and adiabatic warming intensify the heat (Rothlisberger & Papritz, 2023; Yu
et al., 2023; Zschenderlein et al., 2019). Concurrently, soil moisture deficits and other land surface processes
contribute to increased surface sensible heat fluxes and convective mixing through land-atmosphere feedback,
further escalating the severity of heatwaves, especially in mid- and low latitudes (Keune et al., 2022; Rothlis-
berger & Papritz, 2023; Schumacher et al., 2019). Yet, much of the existing research has been limited to case
studies (Vogel et al., 2019), or focuses on single physical processes (Wang et al., 2024; Zschenderlein
et al., 2019), leading to inconsistent findings and a fragmented understanding of global heatwaves dynamics
(Rothlisberger & Papritz, 2023). Although recent studies have demonstrated the roles of advection over mid-
latitude oceans, diabatic heating over tropical and subtropical land, and adiabatic warming near mountains in
generating historical heat extremes (Rothlisberger & Papritz, 2023), there remains a pressing need for further
analysis to quantify how different physical mechanisms contribute to the projected global increase in heatwaves
and to understand how these contributions might evolve in a warming world.

The cascading impacts of persistent heatwaves such as droughts, wildfires, poor air quality, threats to agriculture
and biodiversity, and heightened risks of population exposure, pose significant risks to human societies and
ecosystems (Adeyeri, Zhou, Laux, Ndehedehe, et al., 2023, Adeyeri, Zhou, Ndehedehe, & Wang, 2024; Bras
et al., 2021; Jones et al., 2015; Ndehedehe & Adeyeri, 2024; Tripathy et al., 2023; Vitali et al., 2015). These
interconnected effects exacerbate vulnerabilities, particularly in regions that are already struggling with food
insecurity, water scarcity, and socio-economic instability. Therefore, understanding the full spectrum of heatwave
dynamics, along with their interaction with other environmental variables, becomes essential for informing global
strategies aimed at mitigating climate change. This is crucial as it aligns directly with the United Nations Sus-
tainable Development Goals (SDGs), particularly SDG13, which addresses the urgent need to combat climate
change and its far-reaching consequences.

This study is motivated by the need to better understand and quantify the contributions of large-scale atmospheric
variables to heatwave evolution and dynamics, as well as the broader implications for water resources and human
population exposure. By investigating heatwave dynamics across historical (1979-2014) and future (2025-2060
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Figure 1. Study area showcasing 50 distinct regions of the Sixth Assessment Report of the Intergovernmental Panel on Climate Change.

and 2065-2100) emission scenarios, we aim to comprehensively analyze how heatwaves are projected to evolve
under different climate pathways. Through the use of 10 Coupled Model Intercomparison Project Phase 6
(CMIP6) General Circulation Model (GCM) simulations (Table S1 in Supporting Information S1) under two
Shared Socio-economic Pathways (SSPs 370 and 585), we assess the suitability of bias-corrected (BC) GCMs,
derived using univariate and multivariate techniques to address the need for a more robust heatwave assessment
and the contributions of different atmospheric mechanisms on a global scale. By leveraging the BC GCM outputs,
the reconstructed Gravity Recovery and Climate Experiment (GRACE) dataset comprising six separate products
(Humphrey & Gudmundsson, 2019), each containing 100 ensemble members, we provide a more comprehensive
approach to understanding the interplay between changes in terrestrial water storage (TWS), climate dynamics,
and population exposure. Our specific objectives are to (a) quantify the contributions of different atmospheric
mechanisms to heatwave frequency (HWF) on a global scale, (b) examine the cascading impact of HWF and the
associated temperature anomalies on terrestrial drought severity (TWS deficit), and (c) quantify total population
exposure to HWF, considering changes in exposure and their attributions to climate, population dynamics, and
their interactions in 50 climate regions (Figure 1) of the Sixth Assessment Report of the Intergovernmental Panel
on Climate Change (IPCC AR6) (Iturbide et al., 2021). These findings are crucial for informing effective climate
policy, enhancing preparedness, and addressing the vulnerabilities of regions most susceptible to extreme heat.

2. Material and Methods

2.1. Global Reanalysis Products and Terrestrial Water Storage

We leverage the W5ES v2.0 dataset (Cucchi et al., 2020; Weedon et al., 2014), a merged dataset that combines
WATCH Forcing Data (WFDES5)-the Water and Global Change (WATCH) methodology applied to the ECMWF
Reanalysis 5 (ERAS) over land area- with the original ERAS data over the ocean, to bias-correct the climate
model simulations and calculate HWF and temperature anomalies. This dataset, designed for bias adjustment in
climate model impact assessments, provides global coverage at 0.5° X 0.5° resolution with daily data from 1979 to
2019. Moreover, our study period spans 1979 through 2014 for the historical period. Complementary to this, we
utilize Japanese 55 year Reanalysis (JRASS) data (Kobayashi et al., 2015) at 1° X 1° resolution (1,000-300 hPa)
for the same period to assess horizontal and vertical moisture flux dynamics and the geopotential height.

We utilize the reconstructed TWS data for 1979-2014 from the GRACE satellite mission to evaluate the cascading
impact of HWF and temperature anomalies on terrestrial drought severity. While the GRACE mission offers
invaluable monthly estimates of TWS anomalies, its relatively short data span of about 20 years limits our ability to
assess long-term hydrological extremes. To overcome this limitation, we leverage the reconstructed GRACE
products with a 0.5° X 0.5° grid resolution (Humphrey & Gudmundsson, 2019). These products employ statistical
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models to estimate historical climate-induced TWS changes by incorporating daily and monthly meteorological
data. They consist of multiple “ensemble members,” representing different reconstruction versions based on varied
data and models. These variations incorporate perturbed initial conditions from multiple training datasets,
parameter perturbations from Markov Chain Monte Carlo sampling, and random residuals to account for un-
certainties in the reconstruction process. This ensemble approach of different versions allows us to assess un-
certainties and robustly estimate past changes in TWS. Combining two GRACE datasets (Jet Propulsion
Laboratory (JPL), and Goddard Space Flight Cente (GSFC)) with three meteorological forcing datasets (ERAS,
Global Soil Wetness Project Phase 3 (GSWP3), Multi-Source Weighted-Ensemble Precipitation (MSWEP)), each
containing 100 ensemble members, we create one single, robust estimate of the reconstructed TWS for the analysis.

2.2. Global Climate Model and Total Population Data

Our analysis of future heatwave changes employs a ten-model ensemble from CMIP6, including, CMCC-ESM2,
CNRM-CM6-1, INM-CM5-0, IPSL-CM6A-LR, KACE-1-0-G, MIROC6, MPI-ESM-1-2HR, MPI-ESM-1-LR,
MRI-ESM2-0, UKESM1-0-LL and their multimodel ensemble mean (see Table S1 in Supporting Information S1
for the fullnames and resolutions), selected using the ClimWIP method (Merrifield et al., 2023) to minimize
model dependence. This method groups models based on long-term climate similarities, effectively averaging
internal variability and parameter uncertainty while preserving distinctions between model structures. We
consider SSP 370 (regional rivalry) and SSP 585 (fossil-fuel development) scenarios (7.0 and 8.5 W m 2 radiative
forcing, respectively) for the near future (2025-2060) and far future (2065-2100).

To assess the exposure of the total human population (i.e., combined rural and urban population) to HWF, we utilize
historical annual population data from the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) protocol,
ISIMIP2b, available at an approximate spatial resolution of 0.083°, and future population projections from the
NASA Socio-economic Data and Applications Center at 0.125° resolution. These datasets, provided under various
SSP scenarios, leverage a gravity-type model to parameterize spatial patterns of change for each SSP, enabling
robust scenario-based demographic projections (Jones & O’Neill, 2016). Future population data is available at
10 year intervals; therefore, we calculate the mean population for each future period to assess total population
exposure to heatwaves. We regrid all datasets to a standard 2° X 2° grid to harmonize the varying resolutions of the
GCMs used in this study, thereby reducing the scale gap effect (Adeyeri, Zhou, et al., 2022) and ensuring con-
sistency across datasets without compromising the robustness of our analysis. This approach aligns with estab-
lished practices in climate modeling (Adeliyi et al., 2025; Adeyeri, Zhou, et al., 2022; Akinsanola et al., 2025;
Ndehedehe, Adeyeri, et al., 2023; Taguela et al., 2025). Conservative variables like precipitation, population,
specific humidity, and geopotential heights undergo conservative remapping, while non-conservative variables
such as GRACE, temperature, and zonal and meridional winds are bilinearly remapped (Schulzweida, 2022).

2.3. Bias Correction of Climate Models

While climate models provide valuable projections of future heatwaves under different scenarios, discrepancies
between model simulations and observations raise concerns about their accuracy. These discrepancies from
resolutions, variations in model components, and land surface schemes (Adeyeri et al., 2020; Cannon et al., 2015;
Dieng et al., 2022; Laux et al., 2021) necessitate BC to enhance the reliability of climate change projections
(Usman et al., 2022). This crucial step has been overlooked in many heatwave studies using GCM simulations
(Adeyeri, Zhou, Ndehedehe, & Wang, 2024; Ha et al., 2022; Jones et al., 2015; Ullah et al., 2023; Wang
et al., 2023), potentially compromising the validity of their findings. To correct biases in our CMIP6 model
simulations, we use univariate quantile delta mapping (QDM) and a multivariate BC method employing an N-
dimensional probability density function transform (MBCN) (Cannon, 2018). The univariate method assumes
an accurate model projection of historical and future quantiles (Adeyeri et al., 2020; Déqué et al., 2007). The
multivariate method differs by preserving changes in simulated quantiles while updating marginal distributions
via quantile mapping and adjusting the joint multivariate dependence of multiple variables at once (Can-
non, 2018), while reassigning all properties of the observed distribution to the climate simulations (Adeyeri,
Zhou, Ndehedehe, Wang, & Ishola, et al., 2024). To preserve the joint multivariate dependence relevant to
heatwaves, we use daily near-surface relative and specific humidity, precipitation, surface and sea level pressure,
surface downwelling longwave and shortwave radiation, near-surface wind speed, and daily maximum, mini-
mum, and average near-surface air temperature from the reference dataset to bias-correct the CMIP6 models. We
provide details of this method in appendices Appendix A.

ADEYERI ET AL.

4 of 26

85US017 SUOWWOD SAITea1D 3|qeol|dde aup A pausenob 8 S3jofe YO ‘SN JO SNl 10y Areiq1T8UIIUO AB|IM UO (SUORIPUOD-PU-SLLBYWI0D A8 | 1M ARe1q | Ui |Uo//Sdiy) SUORIPUOD pUe Swis | 3y} 88S *[G202/80/8T] Uo ARIqIT8UIUO A8]IM ‘B1B0jouyos L N4 Insu| Byns|ey Aq 987900435202/620T OT/I0p/wiod" A3 (1M Arelqeuljuosqndnbe;/sdny wouy pepeojumoa ‘9 ‘SZ0 ‘2.2v82ee



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2025EF006486

2.4. Heatwave and Standardized Temperature Index Derivation

Among various heatwave characteristics, we focus on the number of days contributing to heatwaves as identified
by the heatwave number and defined by excess heat factor (EHF), hereafter called HWF. Excess heat factor
identifies periods with three or more consecutive days exceeding a specific threshold (Adeyeri, Zhou, Ndehedehe,
& Wang, 2024; Perkins-Kirkpatrick & Lewis, 2020). This threshold is calculated using a 3 day temperature
average, compared against both the 90th percentile of historical summer temperatures and the recent 30 day
temperatures (Perkins et al., 2015). We select the EHF to define HWF because it considers the intensity and the
duration of temperature anomalies. This approach provides a reliable metric for analyzing heatwaves (Nairn
et al., 2018), while its standardized methodology allows for direct comparisons across different regions.

To convert the continuous EHF into a discrete HWF variable suitable for our subsequent analyses, we employ a
three-step transformation.

(a) We consider only those days where EHF is positive (i.e., EHF > 0), (b) A heatwave event is defined as any
period comprising three or more consecutive days satisfying the EHF > O criterion, and (c) Within each chosen
temporal interval, HWF is calculated by summing the total number of heatwave days—those with EHF > 0. This
approach produces a continuous count metric of heatwave occurrences.

The EHF is calculated as follows:

EHF = EHI;, * max[EHI .., 1] (1)

sig

where EHI,;, = Itla1t il 7o pHY,, = Dt leitlial  [Mieatdlicnl gng T = Fonct Tnl | Where
Ty is the climatological 90th percentile temperature during the base period (1982-2010), T, Trins Timax> and Ty,
denote the daily mean air, minimum, maximum, and kth day daily mean temperatures, respectively. We calculate
T90 for each day of the year during the base period using a 15 day centered window and smooth it with a Savitzky-
Golay third-order polynomial filter (Adeyeri, Zhou, Ndehedehe, & Wang, 2024). This window-based approach
allows us to capture the full range of variations in heatwave metrics throughout the year, regardless of seasonality.
EHI, .. measures the current 3 day temperature variance relative to the prior month's average, highlighting recent
temperature fluctuations; EHI;, on the other hand, quantifies the divergence of the current 3 day period's
temperature from the climatological relative threshold.

We calculate the difference between (a) the far future and the historical period, (b) the near future and the his-
torical period, and (c) the far future and the near future to determine the HWF climate change signal (Adeyeri,
Zhou, et al., 2022).

The standardized temperature index (STI), analogous to the standard precipitation index (SPI), represents the
probability of a given temperature relative to a longer-term baseline. Unlike SPI, STI does not accumulate
temperature but uses daily values. Positive and negative STI values indicate temperatures above and below the
long-term median, respectively, allowing identification of unusually hot or cold periods. We calculate the STI by
fitting a parametric normal distribution to daily temperatures based on the cumulative distribution G(x) over the
extended summer period considered for this study (Zscheischler et al., 2014).

_ 1 x-w’
G(x) = > /_ ) exp[— 752 ]dx @)

o

STI = ¢7'(q)

where x, u, and o represent the temperature time series, mean, and standard deviation, respectively; ¢ is the
cumulative probability, and ¢ is the standard normal distribution.

2.5. Moisture Flux Dynamics, Teleconnection, and Their Relative Contributions to Heatwave Modulation

Moisture flux divergence is calculated as the divergence of the moisture flux vector, which combines the hori-
zontal and vertical components of moisture flow. Positive divergence indicates a net moisture loss from the
region, whereas negative divergence signifies a net gain (convergence). Using the specific humidity (g),
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horizontal winds (v), and surface pressure (P,), we derive the horizontal moisture flux divergence (V.Q), which is
given as:

Py
V.0 =V. lf qvdp 3)
8Jo

The vertically integrated moisture flux convergence (VIMFC) or vertically integrated moisture flux divergence
(VIMFD or negative VIMFC), from 300 hPa to 1,000 hPa is given as:

1000 hPa N 1
VIMFC = —~ / V.(qV)dp = —— f / qVdidp (4)
8J 300 hPa S8

where s is the size of the integration region, V is the wind vector, and dl is the grid length along the latitude and
longitude. The relative contribution of the dynamic and thermodynamic processes associated with moisture
transport is quantified by expanding the right-hand side of Equation 4, and this is given as:

1 1 — 1 — 1 1
gf/—quldp=gff—Qledp+§f/—q’ledp+§/f—@V’dldp+§ff—q’V’dldp 5)

The average term is denoted by the first term on the right hand, which is constant throughout the study period. The
moisture flow anomalies brought on by the thermodynamical and dynamical processes are the second and third
terms, respectively. The last term is the minor deviations from the climatology, which can be neglected. Integrated
vapor transport (IVT) is used to understand the dynamics of water vapor movement in or out of a particular
domain. Integrated vapor transport is defined as (Adeyeri, Zhou, Ndehedehe, Wang, & Ishola, et al., 2024):

1000 hPa N
IVT = - f qVdp (6)
8J300 hPa
Vapor transport (VT) is given as:
VT =gV )

g and V are the climatology of specific humidity and wind. ¢’ and V' are the deviations of ¢ and V from the
climatology, and g is the gravitational constant.

We use Empirical Orthogonal Teleconnections (EOTs), a regression-based method (Acppelhans et al., 2015), to
identify and analyze climate variability patterns across different spatial locations. Empirical Orthogonal Tele-
connections decompose data into spatial patterns (empirical orthogonal functions, EOFs) and associated time
series (principal component time series). EOFs represent the spatial structure of the variability, while the principal
component time series captures the temporal evolution of the patterns. In comparison, EOFs detect prominent
patterns of variability in the data, whereas EOTs employ these patterns to investigate the teleconnections between
various parts of the Earth's climate system. We utilize the EOTs to understand the teleconnection between HWF
and the VIMFD components, that is, the dynamic and thermodynamic terms and IVT.

Recognizing the inherent interconnectedness of these variables, we further explore the relative contributions of
these dynamic and thermodynamic variables to HWF response. While various methodologies exist for assessing
these relationships, permutation importance, a technique leveraging the strengths of random forest algorithms
(Adeyeri, Zhou, et al., 2022; Breiman, 2001), offers several advantages and is therefore widely employed.
However, the traditional approach to permutation importance from random forest is not ideal for highly correlated
variables. This method cannot differentiate between the conditional (specific context-dependent) and marginal
(overall) influences of each variable (Adeyeri, Folorunsho, et al., 2024). Therefore, we employ the conditional
permutation importance (CPI) method (Adeyeri et al., 2022; Strobl et al., 2008) to address this challenge and
better understand the contributions of the multivariate drivers on HWF. We provide details of this method in
appendices Appendix B.
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2.6. Deriving Terrestrial Water Storage Drought Severity and Standardized Temperature Index

Heatwaves have cascading impacts on TWS drought conditions. Moreover, changes in TWS can also influence
heatwaves. Leveraging the reconstructed TWS, we calculate the terrestrial drought condition using the TWS
drought severity index (DSI) (Zhao et al., 2017).

_ (TwS,; —TWS))

TWS —DSI;; = m (8)
J

where TWS;; is the TWS anomalies at year / and month j, and TWS; and y; are the mean and standard deviation of
TWS anomalies at month ;.

Following the multivariate standardized drought classification (Adeyeri, Zhou, Laux, Ndehedehe, et al., 2023),
we classify TWS-DSI >2.00 as extremely wet; between 1.50 and 1.99 as severely wet; from 1.00 to 1.49 as
moderately wet; from 0.00 to 0.99 as mildly wet; between —0.99 and 0.00 as mild drought; from —1.49 to —1.00
as moderate drought; between —1.99 and —1.50 as severe drought, and < —2.00 as extreme drought.

2.7. Total Population Exposure to Heatwave

To calculate total population (i.e., combined rural and urban population) exposure to HWF, we multiply the total
population by HWF at each grid point for reference and future periods (Jones et al., 2015), thatis, E = P+ HWF.
We then compute the 35 year mean exposure under various climate change scenarios to understand the total
change in population exposure to HWF. We break down the total change in population exposure to heatwaves into
three components: climate effects, population effects, and their interactions. The climate effect on total population
exposure represents the climate influence on exposure when transitioning from historical to future scenarios, with
the population held constant at the historical level. On the other hand, the population effect on total population
exposure measures the impact of population projections on exposure while the climate remains constant at the
historical level. Finally, the interaction effect captures the simultaneous exposure to climate and population
dynamics.

The total change in exposure (AE) is given as:

AE = P,AC + C,AP + ACAP, 9)

where P;, and C), denote the historical population and HWF, respectively, while AP and AC represent the change
in population and HWF from the historical to the future period. In this formulation, P,AC, C,AP and ACAP
correspond to the climate, population, and interaction effects, respectively.

2.8. Partial Correlation of Large-Scale Variables With Heatwave

The strength of the relationship between two variables is typically measured by their degree of association be-
tween them. However, partial correlation is used when the influence of a third variable or multiple other variables
needs to be accounted for. This method assesses the correlation between two variables while controlling for the
influence of other variables, thus providing a clearer picture of the primary relationship in question (Adeyeri,
Zhou, et al., 2022, Adeyeri, Folorunsho, et al., 2024). Given the numerous regional factors influencing HWF, we
employ partial correlation to examine HWF relationship with various regional climatic drivers.

The partial correlation is given as follows:

pKM — pKBpMB

pKMB = (10)
V(1 = p2KB) (1 — p*MB)
For a set of n controlled climate forcing variables, B is
B = {Bl,Bz,..,B”}
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We apply the Student's #-test to check the statistical significance of the partial correlations at the 95% confidence
level. All our analyses are based on the extended summer seasons in the northern and southern hemispheres, that
is, from May to September and November to March, respectively.

3. Results
3.1. Performance and Bias Correcting GCMs for Driving Variables of Heatwave

Biases in climate models can lead to inaccurate projections of future climate conditions. Therefore, it is crucial to
quantify and correct these biases before utilizing climate models for impact studies. Figures S1 and S2 in Sup-
porting Information S1 show varying biases in the climatology of the uncorrected CMIP6 models' temperature
and relative humidity (RH), respectively. For example, CNRM-CM6-1, IPSL-CM6A-LR, and UKESM1-0-LL
record cold biases for most areas, while MIROC6 exhibits hot biases. The cold and warm biases vary from —20°C
to 16°C. However, most North America and Central Asia areas witness wet biases for all models, while the
tropical regions mostly witness dry biases in RH. IPSL-CM6A-LR has the lowest biases, particularly over Africa.
All models' dry and wet biases range between —44% and 44%. After identifying the different levels of biases, we
correct them using QDM and MBCN techniques. Figures S3 and S4 in Supporting Information S1 illustrate the
CMIP6 temperature climatology distribution after BC with MBCN and QDM, respectively, revealing notable
reductions in biases across all CMIP6 models, although some residual biases remain. Figures S5 and S6 in
Supporting Information S1 show the BC for RH using MBCN and QDM, respectively, mirroring the improve-
ments highlighted in temperature. Nevertheless, the CMCC-ESM2 model exhibits more dry biases than others.

Given that temperature and RH influence the perception of heatwaves as human thermal stress (Adeyeri, Zhou,
Laux, Wang, et al., 2023), we examine the CMIP6 models' ability to establish the mutual dependence between
these two variables. Figure S7 in Supporting Information S1 shows the dependency between temperature and RH
for uncorrected CMIP6 models, with values close to zero indicating an accurate dependency. Moreover, the
values for all uncorrected models range between 0.4 and 1.6, with the tropics showing higher values (>1),
indicating that the uncorrected CMIP6 models struggle to maintain the necessary dependency. Conversely, the
MBCN-corrected models preserve this dependency, with values close to zero across all continents (Figure S8 in
Supporting Information S1). In contrast, the QDM-corrected models fail to maintain this dependency on all
continents (Figure S9 in Supporting Information S1). Additionally, Figure S10 in Supporting Information S1
shows that the HWF root mean square error (RMSE) ranges from 0 to 20 days in the uncorrected CMIP6 model,
while the MBCN-corrected models exhibit an RMSE ranging from 0 to 1 day in most areas across all models.
Furthermore, the validation of regional HWF in Figure S11 in Supporting Information S1 complements these
results. Ultimately, the MBCN approach successfully corrects model biases while preserving the variables' de-
pendency structures.

3.2. Heatwave and the Influence of Large-Scale Atmospheric Processes

This section examines the interaction between HWF and several large-scale processes. We observe unique
regional fingerprints, underscoring the critical need for region-specific assessments over a one-size-fits-all
approach.

Figure 2 illustrates the spatial relationships between HWF and key modulating factors, including moisture flux
divergence (MFD) and RH at different tropospheric levels, as well as precipitation, air temperature, TWS,
VIMFD, and its dynamic and thermodynamic components. These relationships, statistically significant at the 95%
confidence level, demonstrate the spatially varying influence of these factors across the atmospheric column and
different regions. For instance, in the lower troposphere (Figure 2a), MFD positively correlates with HWF in
Northern Central America (NCA), Southeastern South America (SES), Western Africa (WAF), the Sahara
(SAH), and Northern Europe (NEU). Conversely, negative correlations appear in Western and Central Europe
(WCE), Eastern Europe (EEU), the South America Monsoon (SAM), Central Australia (CAU), and the Arabian
Peninsula (ARP). Moving to the mid-troposphere (Figure 2b), the influence of MFD on HWF essentially reverses
in these regions, highlighting the distinct roles of the lower and mid-troposphere in shaping heatwave dynamics
and moisture transport. In the upper troposphere (Figure 2c), the positive influence of MFD becomes more
widespread, particularly across Africa, South America, Asia, the Arabian Peninsula, and Australia.
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Figure 2. Pattern correlation between heatwave frequency and various atmospheric and terrestrial variables for (a) Moisture flux divergence at the lower troposphere
(1,000 hPa, background), with vectors representing wind at 1,000 hPa, (b) Moisture flux divergence at the mid-troposphere (500 hPa, background), with vectors
representing wind at 500 hPa, (c) Moisture flux divergence at the upper troposphere (300 hPa, background), with vectors representing wind at 300 hPa, (d) relative
humidity (RH) at the lower troposphere (background), with vectors representing Vapor transport (VT) at 1,000 hPa, (¢) RH at the mid-troposphere (500 hpa,
background), with vectors representing VT at 500 hPa, (f) RH at the upper troposphere (300 hpa, background), with vectors representing VT at 300 hPa, (g) Terrestrial
water storage (background), with vectors representing vertically integrated vapor transport from 1,000 hPa to 300 hPa, (h) Thermodynamic term of vertically integrated
moisture flux divergence, (i) Dynamic term of the vertically integrated moisture flux divergence, (j) Air temperature, (k) Precipitation, and (1) Vertically integrated
moisture flux divergence from the upper to lower troposphere. Boxes represent significant correlations at a 95% confidence level.

In regions like NEU, NCA, SES, East Siberia (ESB), and East Central Asia (ECA), the positive influence of MFD
aligns with a negative HWF-RH relationship near the surface (Figures 2d and 2f), signifying typical dry heatwave
conditions, where drier surface conditions (Figure 2g) contribute to increased air temperature (Figure 2j) via land-
atmosphere feedback. In this context, the statistical association is consistent with established feedback hypotheses
—that drier conditions amplify surface heating—but we note that our methods infer rather than directly
demonstrate these feedback processes.

Focusing on two contrasting regions, WAF and ARP, these regions exemplify distinct heatwave dynamics driven
by moisture transport and atmospheric circulation. In WAF (Figure 2a), lower-tropospheric MFD correlates
positively with HWF, driven by monsoon winds and the Saharan High (Figure A1). These processes enhance
southward moisture transfer from the Mediterranean, intensifying heatwaves in the Sahara despite moisture
inflow from the Atlantic. Conversely, in ARP (Figure 2a), lower-level VT offsets subsidence effects from the
high-pressure system (Figure Al), reducing HWF as MFD increases. This contrast highlights how regional
circulation patterns—monsoonal flows in WAF versus subtropical ridges in ARP—dictate heatwave mecha-
nisms. Further, the decomposition of VIMFD reveals the individual contributions of dynamic and thermodynamic
effects to HWF (Figures 2h, 2i, and 21). Significant positive VIMFD correlations over the SAM and ECA coincide
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with regions exhibiting significant positive thermodynamic responses. However, in West Central Asia, significant
positive dynamic effects—linked to moisture divergence—are associated with a tendency toward more frequent
heatwaves (Figure Ala). While these decomposed associations support the notion that both dynamic and ther-
modynamic processes contribute to conditions favorable for feedback mechanisms, we acknowledge that the
evidence presented remains inferential.

Furthermore, high HWF is mitigated in regions like WAF and Central Africa (CAF), there is robust lower
tropospheric moisture flow from the Atlantic Ocean into the interiors, driven by monsoon winds, the monsoon
trough over the Sahara (SAH), and a weak ridge across the Mediterranean (MED) (Figure A1, and Figure 2). In
the mid-troposphere, the Saharan High and the African Easterly Jet (AEJ) synergize to enhance southward
moisture transfer from the Mediterranean into WAF and CAF (Figures Alb and Ald, and Figures 2b and 2g),
increasing HWF over the SAH. Thus, the relationship between these variables considerably influences HWF in
WAF, SAH, and CAF. Orography (Figure Alc) and IVT (Figure A1d) also influence temperature distribution and
HWF. For example, the interaction between the Himalayas in SAS and TIB, moisture transport, and monsoon
winds play a key role in modifying summer heatwaves over India, especially on the windward side of the
mountains. Despite the moisture brought by monsoon winds (Figures Ala and Ald), the windward side of the
Himalayas (Figure Alc) experiences high temperatures (Figure Alb) and frequent heatwaves (Figure Ala).
Contrary to the effect of moisture abundance in mitigating frequent heatwaves in WAF and CAF despite having
similar temperatures as SAS, the unique climatic conditions in SAS mean that even with moisture, intense heat
can still lead to significant heatwave events, particularly under clear skies and high solar radiation.

However, MDG and SEAF experience higher HWF (Figure Ala) compared to WAF and CAF due to the absence
of features like the low-level trough and mid-level jet (Figures Ala and A1b), which are critical for enhancing
moisture transport inland (Figure Ald). In Northern Australia (NAU), easterly winds from the Western Pacific
Ocean transport moisture (Figures Ala and Ald). However, low tropospheric (Figure Ala) and mid-tropospheric
(Figure A1b) pressure centers push the moisture northwards, enabling moisture recycling into Southern East Asia
(SEA) from NAU. Consequently, NAU has high HWF, while SEA experiences relatively low HWF. As
exemplified above, each region's unique geographical and orographic influences and moisture transport mech-
anisms substantially impact HWF.

3.3. Regional Contributions of Large-Scale Processes to Heatwave Modulation

Having established that each region's unique characteristics greatly impact HWF, assessing the dependency of
HWF on different large-scale processes across distinct climate domains becomes necessary. Figures 3a—3y
demonstrate that the relative contributions of large-scale atmospheric and terrestrial variables to HWF vary
across different regions.

In Southeastern South America (SES), moisture flux divergence at 1,000 hPa contributes 84% to HWF modu-
lation (Figure 3a), while zonal VT at 300 hPa and meridional winds at 700 hPa each account for less than 8%. In

Figure 3. Relative contribution of large-scale atmospheric and terrestrial variables to heatwave frequency modulation in
various regions (a) Southeast South America, (b) South American Monsoon, (c) Western North America, (d) Western
Southern Africa, (e) West and Central Europe, (f) Mediterranean, (g) Eastern Australia, (h) East Asia, (i) South Asia,

(j) Russian Far-East, (k) Eastern Siberia, (I) Western Siberia, (m) West Africa, (n) Central Africa, (o) West Central Asia,
(p) Eastern North America, (q) Northwest North America, (r) Central Australia, (s) Sahara, (t) Eastern North America,
(u) South Australia, (v) Northern East Africa, (w) Northeast South America, (x) Northern South America, and (y) Globe.
Uwnd and vwnd mean zonal and meridional wind; Thermo means the thermodynamic term of vertically integrated moisture
flux divergence; rhum is the relative humidity; VTu and VTv are the zonal and meridional vapor transports; MFD is the
moisture flux divergence; IVTu and IVTYV are the zonal and meridional vertically integrated moisture flux transport; Dyna is
the dynamic term of the vertically integrated moisture flux divergence; terrestrial water storage (TWS) is the TWS; hgt is the
geopotential height; 3, 7, and 1 indicate 300, 700, and 1,000 hPa, respectively. The bold bar represents the variable with the
highest contribution. Some variables, like moisture flux divergence and integrated vapor transport, have both dynamic and
thermodynamic components. However, for categorization purposes, if the focus is on the motion (e.g., wind-driven
processes), they lean toward being dynamic. If the focus is on the moisture and energy content, they lean toward being
thermodynamic. The dynamic variables are primarily associated with atmospheric motion, wind patterns, or pressure-driven
processes. They consist the uwnd, vwnd, hgt, MFD. The thermodynamic variables are associated with moisture content,
energy, or phase changes. They include rhum, IVTu, IVTv, VTu, VTv (moisture movement, even if wind contributes), and
Thermo. The terrestrial variable is TWS.
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Figure 4. Correlation between heatwave frequency and the principal regional large-scale atmospheric and terrestrial variables modulating it. Boxes represent significant
correlations at a 95% confidence level.

the South American Monsoon region (SAM), the thermodynamic term of vertically integrated moisture flux
convergence, RH at 700 hPa, and zonal winds at 1,000 hPa collectively account for 41%, 32%, and 27% of HWF
modulation, respectively (Figure 3b). In East Asia (EAS), RH at 300 hPa explains 58% of HWF variation
(Figure 3h), while in West Africa (WAF), TWS contributes 45% (Figure 3m). Globally, geopotential height at
1,000 and 700 hPa, and RH at 300 hPa, primarily drive HWF (Figure 3y). Thermodynamic processes dominate
HWF modulation in regions such as Western North America (WNA), Western South Africa (WSAF), SAM,
Eastern Australia (EAU), West Siberia (WSB), Northern Central America (NCA), Russian Far-East (RFE),
Western Central Asia (WCA), and Central Australia (CAU). In contrast, dynamic processes dominate in Eastern
North America (ENA), Central Africa (CAF), South Asia (SAS), Norther East Africa (NEAF) and Southern East
Asia (SEA) regions. Despite the proximity of CAF to WAF, terrestrial process dominate WAF, while dynamic
processes dominate HWF modulation in CAF, reflecting the complexities associated with HWF drivers.

Furthermore, we examine the partial correlation between HWF and the principal regional large-scale atmospheric
and terrestrial variables modulating it (Figures 4a—4x). In Southeastern South America (SES, Figure 4a), the
1,000 hPa moisture flux divergence (MFD1) shows mixed correlations with HWF, suggesting competing effects
of drying and moisture convergence. Positive correlation coefficients indicate that increased subsidence may lead
to increased divergence (positive MFD1), potentially reducing surface evaporation and local moisture avail-
ability, and thus contributing to higher temperatures and increased HWF (Figure Al). Conversely, negative
correlations suggest a mitigating influence from Atlantic moisture inflow, supporting evaporative cooling.
Subtropical high-pressure systems frequently dominate the SES, advecting warm, dry air inland (Figure Ala).
This advection, combined with potential anthropogenic factors such as agricultural expansion and deforestation,
may amplify regional heating through reduced evapotranspiration. In the South American Monsoon region
(SAM, Figure 4b) region, a positive correlation exists between the thermodynamic term (Thermo) and HWF,
suggesting a link between heat-driven atmospheric instability and HWF during monsoon breaks. Inland areas, less
influenced by oceanic effects, may be particularly susceptible to prolonged heating due to suppressed moisture
conditions.

Figure 4c shows that enhanced upper-level zonal VT (VTu3) in Western North America (WNA) can offset these
warming influences of the increased subsidence reinforced by existing high-pressure systems (Figure Ala).
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Figure 5. A case study of Western and Eastern South Africa Heatwave Dynamics. (a) Synoptic conditions during the 2014 heatwave, showing geopotential height
(background), moisture flux convergence (blue contours), and relative humidity (black contours), (b) Anomalous heatwave frequency (HWF) in 2014, (c)—(e)
Teleconnection analysis of HWF with (i) Integrated vapor transport from 1,000 to 300 hPa and their associated teleconnection patterns, (ii) HWF signals, and (iii)
Cumulative Explained Response Domain Variance (CERDV), and (f) Temporal evolution of HWF (days) from 1980 to 2014.

Conversely, Western South Africa (WSAF, Figure 4d) shows that enhanced (VTu3) positively correlates with
HWF. This transport reinforces ridge-building high-pressure systems, intensifying subsidence and reducing cloud
cover. Coastal regions benefit from the cooling influence of the Benguela Current, while inland semi-arid areas
are more sensitive to moisture variability and subsidence effects linked to the South Atlantic High (Figure Ala).
Geopotential height at 1,000 hPa (hgtl) exhibits a strong positive correlation with HWF in the Mediterranean
(MED), driven by the dominance of stationary high-pressure systems (Figure Al). These ridges enhance sub-
sidence, clear-sky conditions, and solar heating, particularly over inland areas. Coastal regions, though adjacent to
the Mediterranean Sea, are less affected by moisture moderation during heatwaves due to the persistent anti-
cyclonic patterns. Moisture flux divergence at 300 hPa (MFD3, Figure 4g) demonstrates mixed correlations with
HWEF. Positive correlations are linked to increased divergence aloft (Figure A1b), which supports subsidence and
drying, while negative correlations reflect the mitigating influence of convergence, potentially enhancing cloud
formation and precipitation. Proximity to the Tasman Sea and the Coral Sea provides moisture for EAU coastal
regions, whereas inland areas are dominated by the subtropical ridge, which reinforces dry conditions during
heatwaves. Relative humidity at 300 hPa (thum3, Figure 4h) shows mixed correlations in East Asia (EAS),
reflecting the dual role of upper-level moisture in heatwave dynamics. Positive correlations occur where
enhanced humidity supports latent heat release during convection, while negative correlations dominate under
subsidence, which suppresses rainfall and amplifies heat, as evidenced in ESB, WSB, NSA, and NCA.

Furthermore, Figure 4i shows that geopotential height at 300 hPa (hgt3) positively correlates with HWF in South
Asia (SAS), where upper-level ridges suppress moisture inflow and enhance subsidence warming. In WAF
(Figure 4m), TWS positively correlates with HWF, highlighting the paradoxical role of soil moisture in ampli-
fying surface heat retention. These regional variations in dominant large-scale processes highlight the complex
interactions of meteorological phenomena influencing HWF. Therefore, understanding these regional mecha-
nisms is crucial for assessing heatwave risks in a regional context.

3.4. Regional Differences in the Southern Africa Zones During the 2014 Heatwaves

Building on the analysis of large-scale processes influencing HWF across different climate regions, examining
how these mechanisms operate at regional scales is important. Southern Africa's experience during the 2014
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Figure 6. Spatial representation of key climatic and terrestrial indicators for (a) Heatwave Frequency, (b) Standardized Temperature Index (STI), and the cascading
impact on, and (c) Terrestrial Water Storage-based Drought Severity Index (TWS-DSI) during four notable heatwave summers: [i] 1995, [ii] 2003, and [iii] 2010.

heatwaves highlights the complexities of heatwave impacts, even in areas with relatively homogeneous climatic
and geographical characteristics. The 2014 heatwaves caused severe agricultural losses, food insecurity, and
economic hardships in some areas of Southern Africa (IPCC, 2022; Nick et al., 2022), while others remained
largely unaffected. Consequently, it becomes imperative to understand these sub-regional characteristics to
facilitate proper planning and mitigation strategies.

In Figure 5, we present the 2014 anomalous fields relative to the historical reference period for Western South
Africa (WSAF) and Eastern South Africa (ESAF) to highlight the influence of moisture flux divergence/
convergence, humidity, and geopotential heights on HWF. Regions with positive anomalous geopotential heights
(e.g., the black rectangle in Figure 5a) show reduced moisture flux convergence and negative anomalous RH,
conditions that intensify HWF (Figure 5b). In contrast, areas with negative anomalous HWF (e.g., the red
rectangle in Figure 5a) are characterized by strong low-level moisture convergence, negative anomalous geo-
potential height, and positive anomalous RH, collectively suppressing HWF.

This case study ties directly to the broader analysis mirroring WNA's reliance on dynamic processes (e.g.,
subsidence), and SAM's sensitivity to moisture transport. The EOT analysis (Figures 5c—5f) further shows that
thermodynamic and dynamic drivers alternately dominate HWF peaks, akin to SAM and CAF regions. This
analysis identifies a pivotal vertically integrated moisture flux convergence (VIMFC) signal (Figure Sci) that
accounts for 29% of the HWF variance (Figure 5ciii). The VIMFC signal is most prominent between 1993 and
1999, where HWF amplifies south of the signal and diminishes to the north (Figure 5Scii). Additionally, this signal
closely aligns with the maximum IVT (Figure 5ci), underscoring the critical link between moisture transport and
HWF development. We extend the EOT to the thermodynamic and dynamic components of VIMFC (Figures 5di,
5dii, Sei, Seii) revealing that the thermodynamic term's signal of the EOT mode explains 25% of the HWF
variance (Figure 5diii), emphasizing the importance of local energy exchanges and heating processes. However,
the prominence of this signal varies over time, with positive and negative values reflecting stronger or weaker
spatial patterns associated with the EOT mode. The dynamic term's EOT signal accounts for 30% of the variance
(Figure Seiii), highlighting the significant influence of atmospheric circulation patterns on HWF dynamics in the
region. Notably, the dynamic term's strongest signal emerges in 1984. Peaks in HWF (Figure 5f) and EOT series

ADEYERI ET AL.

14 of 26

85US017 SUOWWOD SAITea1D 3|qeol|dde aup A pausenob 8 S3jofe YO ‘SN JO SNl 10y Areiq1T8UIIUO AB|IM UO (SUORIPUOD-PU-SLLBYWI0D A8 | 1M ARe1q | Ui |Uo//Sdiy) SUORIPUOD pUe Swis | 3y} 88S *[G202/80/8T] Uo ARIqIT8UIUO A8]IM ‘B1B0jouyos L N4 Insu| Byns|ey Aq 987900435202/620T OT/I0p/wiod" A3 (1M Arelqeuljuosqndnbe;/sdny wouy pepeojumoa ‘9 ‘SZ0 ‘2.2v82ee



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2025EF006486

Dependency

C HWF vs TWS-DSI
— g WA

Partial correction

Loy I o
‘f-‘t@)’{/‘” {3

G R

Figure 7. [i] Dependency between (a) Heatwave Frequency (HWF) and Standardized Temperature Index (STI), (b) STI and TWS-DSI during the historical period, and
(c) HWF and Terrestrial Water Storage Drought Severity Index (TWS-DSI), [ii] partial correlation between these events. Striplings represent significant correlations at a

95% confidence level.

(Figures 5c—5eiii) during specific years highlight distinct contributions from the thermodynamic and dynamic
terms. For instance, the dynamic term drives the HWF peak in 1980, while both thermodynamic and dynamic
terms contribute to the peak in 2005. In contrast, the attenuated HWF magnitude observed in 1996 aligns with a
reduction in that year's dynamic term. Similarly, the HWF peak in 1995 corresponds to positive thermodynamic
and dynamic EOT patterns. These findings illustrate the complex dynamic and thermodynamic factors, each
exerting unique influences on regional HWF dynamics and can be extrapolated to regions having similar dynamic
and thermodynamic properties as ESAF and WSAF.

3.5. Synergistic Relationship Between Heatwaves, Temperature Anomaly, and Terrestrial Drought
Severity

Figure 6 depicts the interrelationships between HWF, STI, and TWS-DSI during three notable heatwave years
(1995, 2003, and 2010), emphasizing the cascading consequences of climate extremes. For example, our
investigation of the 2003 Western Central European heatwave—one of the most intense on record (Figure 6a ii)—
elevated STI across the region (Figure 6b ii), reinforcing the direct relationship between HWF and temperature
anomalies. This persistent heatwave led to widespread soil moisture depletion and declining groundwater levels,
reflected in severe TWS drought severity (Figure 6¢ iii). Similarly, in 2010, Eastern North America witnessed a
combination of high HWF (Figure 6a i) and positive STI (Figure 6b ii), translating into TWS deficits (Figure
6¢ iii). However, Western North America in 1995 presents a contrasting case (Figure 6a i, 6b i, 6¢ i). High HWF
coincides with anomalously cold STI and wet conditions, demonstrating that high HWF does not always imply
widespread drying. This suggests that localized heatwaves can occur without significant TWS depletion. The wet
TWS-DSI conditions support this, indicating that sufficient TWS likely moderated the hydrological impacts. The
combination of cold STI and wet TWS-DSI may reflect a delayed seasonal transition, possibly due to delayed
snowmelt in high-elevation areas (Figure Alc). This sustains wet TWS-DSI while suppressing broader tem-
perature anomalies, resulting in localized heatwaves despite a regionally cold temperature. The cold regional STI
may be explained by cold air advection from a downstream trough in the meandering jet stream (Figure Alb),
creating a situation where high-pressure blocking induced localized heatwaves while cooler air masses dominated
the broader region (Figures 2a and 2b). These factors demonstrate how regional atmospheric and hydrological
processes can interact to produce seemingly contradictory signals in climatic indicators.

Furthermore, Figures 7a—7c presents a climatological analysis of the cascading impacts of HWF and STI on TWS
drought severity index (TWS-DSI). Regions such as NES, WSAF, ARP, ESAF, and SEAF (Figure 7a) exhibit
high HWF and STI, leading to increased TWS-DSI (Figure 7b), thus exacerbating drought conditions and creating
a positive feedback loop where drought intensifies heatwaves by promoting conditions that accelerate soil
moisture loss and reduce surface transpiration, ultimately amplifying air temperature (Figure 2j). In contrast, the
WAF region displays high STI but lower HWF and TWS-DSI. Moreover, some regions (e.g., western WCE and
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Figure 8. Climate change signal of heatwave frequency for (a) SSP 370 near future versus Historical period, (b) SSP 370 far future versus Historical period, (c) SSP 370
far future versus SSP 370 near future, (d) SSP 585 near-future versus Historical period, () SSP 585 far future versus Historical period, and (f) SSP 585 far future versus

SSP 585 near future.

eastern NWN, as seen in Figures 2g and 7c¢) exhibit a clear positive correlation between HWF and TWS-DSI. This
non-uniformity implies that factors beyond HWF—including atmospheric circulation patterns, soil moisture
dynamics, and vegetation cover—play significant roles in modulating the overall impact of heatwaves on drought
conditions. In areas where HWF appears to drive higher TWS-DSI, the inference is that heatwaves likely
accelerate soil desiccation and suppress transpiration, thus amplifying warming conditions. Conversely, in re-
gions where factors such as increased precipitation (Figure 2k) are more dominant, the detrimental effects of
heatwaves on drought severity tend to be offset.

Overall, while the spatial associations between high HWF, elevated STI, and increased TWS-DSI are consistent
with the presence of potentially self-reinforcing feedbacks between heatwaves and drought, it is important to
emphasize that our evidence is inferential. Direct demonstration of these feedback mechanisms would require
further process-based studies and dynamical modeling analyses. The current results, therefore, suggest potential
pathways for such feedback rather than conclusively proving their occurrence.

3.6. Climate Change Signals in Heatwave

Understanding the climate change signals (CCS) of heatwaves is crucial for building resilience and adapting to a
changing climate. Figures 8a—8f illustrates the CCS of HWF from historical to future periods. The analysis of
HWF CCS from the historical period to the near future under SSP 370 (Figure 8a) shows an increase of over
100 days in most tropical regions relative to the historical period (e.g., NSA, NES, SAM, WAF, SAH, ARP). This
increase becomes even more pronounced in the far future under SSP 370, with a rise of over 160 days (Figure 8b).
The most notable changes from the near to far future occur in WNA, NCA, WCA, MED, and SAH (Figure 8c).
Moreover, the CCS analysis from the historical period to the far future under SSP 585 (Figure 8e) reveals the most
striking signals, with many regions experiencing unprecedented increases in HWF, exceeding 170 days in SAH,
NSA, WAF, CAF, SCA, and SEA. Furthermore, the transition from the near future to the far future under SSP 585
(Figure 8f) shows that, except for NSA, NES, SAM, WAF, and CAF, all regions will experience positive signals,
with increases of over 30 HWF days.

3.7. Population Exposure to Heatwaves

Figures 9a-9g illustrates the varying total population exposure to HWF during historical and future periods.
During the historical period (Figure 9a), most African regions exhibit exposure levels ranging from 100 to 500
person-days, contributing to a cumulative total of approximately 20 million person-days across the continent
(Figure 9g). In contrast, the Asian continent witnesses a broader spectrum of exposure levels, spanning from 100
to over 5,000 person-days (Figure 9a), resulting in a total of 50 million person-days of exposure (Figure 9g).
Regionally, South Asia and Eastern Central Asia stand out with exposure exceeding 5,000 person-days
(Figure 9a), culminating in 25 million person-days (Figure 9f). Moreover, future projections indicate a notable
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Figure 10. The total change in total population exposure to heatwave frequency as a result of climate, population, and interaction effects during (a) near-future under SSP
370, (b) far future under SSP 370, (c) near future under SSP 585, (d) far future under SSP 585, (e, f, g, h) Contributions of climate, population, and interaction effects to
the total change in population exposure, and (i, j, k, 1) Climate region heatwave exposure due to total change, climate effect, population effect, and interaction effect,

respectively.

escalation in exposure levels across various regions. For example, Southern East Africa, West Africa, Eastern
Asia, Southern Asia, and Eastern Central Asia will witness more than 100% rise in the exposure level in the future
under SSP 370 and 585 (Figure 9f). A comparative analysis between the historical (Figure 9a) and the SSP 370
future scenario (Figures 9b-9g) reveals a considerable increase in exposure, particularly in tropical regions of
Africa and Asia. Notably, the far future projection under SSP 370 (Figure 9c) portrays a more widespread dis-
tribution of high exposure than the near future projection (Figure 9b), culminating in 400 million and over one
billion person-days in Africa during the near and far future, respectively (Figure 9g). Similarly, a parallel
observation is made in the SSP 585 future scenarios (Figures 9d and 9e), totaling over 600 million person-days in
Asia under SSP 585 far future (Figure 9g). However, it is worth highlighting that the SSP 370 far future scenario
generally anticipates the most extensive high heatwave exposure across the analyzed regions (Figures 9f and 9g).

Furthermore, we observe regional disparities in the projected total change of population exposure to heatwaves
from historical to future periods (Figures 10a—101). For example, under SSP 370, Eastern Central Asia exhibits a
total change in population exposure to heatwaves between 2000 and 5,000 person-days (Figure 10a), amounting
to 60 million person-days (Figure 10i) as a result of climate, population, and the interaction between the two
effects during the near future. This is unlike the far future (Figure 10b), which projects over 5,000 person-days,
totaling 195 million person-days (Figure 10i). The contributions of climate, population, and their interaction
reveal distinct regional patterns in projected changes to total heatwave exposure (Figures 10e—10h). In West
Africa, for example, the near future under SSP 370 exhibits an evident domineering interaction effect (at 80%),
accounting for over 60 million person-days (Figures 10e and 101). In comparison, climate contributes 10% and
population 10%, amounting to 16 million and 5 million person-days, respectively (Figures 10j and 10k). In all
scenarios, climate effect contributes more than 80% in East Asia (Figures 10e—10h), amounting to 48 million, 149
million, 46 million, and 180 million person-days under SSP 370 near and far-future, and SSP 585 near and far-
future, respectively (Figure 10j). East and Eastern Central Asia will generally experience the most total change
due to climate effects (Figures 101 and 10j). Southern East Africa and Southern Asia will witness the highest total
change due to population effects (Figures 10i and 10k). Notably, East Asia will witness negative population
contributions to the total change in population exposure to heatwaves in the future (Figure 10k).
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4. Discussion

This study highlights the need to consider regional specificities in assessing heatwave dynamics and impacts.
While global climate models provide valuable insights into heatwave projections, their limitations, such as coarse
resolution and oversimplified representations of key processes, restrict them from impact studies. Although BC
methods like MBCN can enhance model accuracy (Adeyeri, Zhou, Ndehedehe, Wang, & Ishola, et al., 2024;
Dieng et al., 2022), its iterative nature makes it computationally expensive (Adeyeri et al., 2020).

Nevertheless, the unique atmospheric and environmental interactions that drive heatwaves require targeted
regional analyses. The distinct interplay of factors influencing heatwaves varies significantly across regions,
making generalizations potentially misleading. Regions like NEU, and ECA with positive MFD influence are
consistent with HWF-RH negative relationship at near-surface, signaling conducive conditions for dry heatwave
conditions, as drier conditions at the surface raise air temperature through land-atmosphere feedback (e.g.,
Seneviratne et al., 2010). The negative MFD correlation, which may suggest net moisture gain at the surface, is
consistent with the wind patterns with moisture-laden air transport toward regions like the NSA, SSA, WCE, and
ARP. However, this does not translate into more evaporation and suppression of heatwaves in these regions. The
HWEF-RH positive relationships suggest that the increased moisture or water vapor content is likely trapping heat
at the surface, enhancing air temperature and heatwave conditions. These interactions coincide with humid
heatwave conditions common in tropical and subtropical regions where moist heat plays a role (Ha et al., 2022;
Raymond et al., 2020).

Significant positive correlations between VIMFD and HWF correspond to regions with significant positive
thermodynamic responses (e.g., SAM, ECA, and East Africa), aligning with existing research demonstrating the
influence of thermodynamic effects, particularly RH, on temperature extremes (Krueger et al., 2015), and future
heatwave projections (Vogel et al., 2020). In contrast, WCA exhibits moisture divergence driven by significant
positive dynamic effects, which correlates with increased HWF. This is physically consistent, as drier conditions
resulting from dynamic moisture divergence limit evaporative cooling, allowing for more efficient heating of the
surface and near-surface atmosphere, thus fueling heatwaves (Ha et al., 2022). Furthermore, in West Africa and
the Sahara, the heatwave dynamics are shaped by a compound interaction of atmospheric processes, including the
lower tropospheric southwestern moisture flow from the Atlantic ocean, the tropospheric monsoon trough, a weak
ridge spanning the Mediterranean, the mid-tropospheric Saharan high to the west (Adeyeri, Zhou, Ndehedehe,
Wang, & Ishola, et al., 2024), and the intensified southward moisture transfer by the AEJ (Cook, 1999). Low
tropospheric cut-off lows (Konapala et al., 2020), low-level Jet (Trenberth et al., 2009), and tropical cyclones
regulate heatwaves through moisture fluxes in the Madagascar region. In general, atmospheric rivers and
monsoonal moisture flux facilitate the transport of excess moisture into different regions (Aalgarra et al., 2020;
Adeyeri, Zhou, Ndehedehe, Wang, & Ishola, et al., 2024), impacting TWS and thus modulating heatwaves.

Terrestrial water storage encompasses groundwater, soil moisture, and surface water, significantly influencing
climate, particularly heatwave dynamics. Groundwater is pivotal to land surface conditions (Ndehedehe, Adeyeri,
et al., 2023), especially during heatwaves, influencing soil moisture and evaporative cooling. Adequate soil
moisture mitigates heatwave severity (Adeyeri, Zhou, Ndehedehe, & Wang, 2024), while groundwater discharge
can directly cool the land surface (Chen & Hu, 2004), particularly in regions with abundant groundwater
(Ndehedehe, Adeyeri, et al., 2023, Ndehedehe, Ferreira, et al., 2023). Furthermore, groundwater-released
moisture can influence the atmospheric boundary layer, affecting atmospheric stability and heatwave develop-
ment (Mu et al., 2021). Similarly, the relationship between HWF and TWS-DSI is complex, as higher HWF does
not always amplify drought, whereas positive STI often does. This complexity arises from delayed seasonal
transitions, altered atmospheric circulation, and human activities, which create localized feedback loops that
exacerbate climatic stress. For instance, during the 1995 heatwave in Western North America, atmospheric
blocking, high humidity, subsidence, and wet hydrological conditions from delayed snowmelt or preceding winter
precipitation (Kunkel et al., 1996; NOAA, 2020) sustained TWS, leading to elevated HWF, anomalously cold
STI, and wet conditions. Moreover, water stored within the terrestrial system may not be readily accessible or
efficiently distributed to mitigate heatwave impacts, and the timing and intensity of heatwave events may exceed
the buffering capacity of existing TWS (Wang et al., 2019). These interactions highlight how regional atmo-
spheric and hydrological processes can produce contradictory climatic signals.

Additionally, regions with positive anomalous geopotential height exhibit lower-level moisture flux convergence
and negative anomalous RH, translating to positive anomalous HWF. This often indicates a high-pressure system,
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causing air to sink and warm up as it descends. This tends to reduce cloud formation and RH (Ad & Zuo, 2021;
Fischer et al., 2021), resulting in hot and dry conditions that increase the likelihood and intensity of heatwaves.
Overall, negative anomalous geopotential height is often associated with reduced heatwaves.

Despite projecting, at least, a fourfold increase in future HWF, exposure to heatwave depends on various factors
beyond just temperature. Changes in synoptic circulation patterns (Ad & Zuo, 2021), meteorological conditions
(Luo et al., 2022), local topography, demographics, and land use changes (Adeyeri, Folorunsho, et al., 2024;
Findell et al., 2017) all play critical roles, but population dynamics are particularly crucial. Generally, SSP 370 far
future scenario projects the most widespread high heatwaves exposure due to a significant population boom in the
second half of the century under SSP 370 (Jones & O’Neill, 2016; Riahi et al., 2017). Moreover, Southern East
Africa, South Asia, Eastern Central Asia, and West Africa are expected to experience over 100% change in total
population exposure compared to other regions, especially under SSP 370 far future. Furthermore, the interaction
between climate and population effects contributes to the total change in population exposure to heatwaves, which
is generally higher in most African regions under all scenarios. For most regions in Southern America and Europe,
the climate effect dominates, highlighting the critical need for practical climate actions to address the human
population's exposure to heatwaves. South Eastern Africa stands to experience the highest total change in
heatwave exposure due to combined climate, population, and interaction effects under the SSP 370 far future
scenario. Moreover, we observe the maximum climate effects in East Asia under the SSP 585 far future scenario.
This underscores the need for a holistic approach to evaluating population vulnerability to heatwaves. Vulner-
ability is a function of society's exposure, sensitivity, and hazard adaptability (Jones et al., 2015). These three
aspects will undoubtedly change over time, potentially influencing the risk from heatwaves.

Our analysis did not distinguish urban and rural temperature change due to urbanization, which can differ sub-
stantially due to urban heat island effect (Adeyeri, Zhou, et al., 2022; Shao et al., 2023). However, our findings
hold critical implications for decision-makers across different sectors. For example, we associate wetter condi-
tions with more frequent heatwaves in some areas, as evidenced by a positive correlation between the TWS-DSI
and HWF. As a result, heatwaves may facilitate more evapotranspiration, enhancing cloud formation and pre-
cipitation conditions (Miralles et al., 2019). On the other hand, areas with negative correlations indicate higher
soil moisture impact on heatwave through energy partitioning. As heatwaves intensify, drying soil restricts plant
transpiration (Wang et al., 2019), favoring sensible heat transfer (direct air warming) over latent heat release
(evaporation). This further diminishes soil moisture, inhibits cloud formation, and aggravates heatwaves (Wang
etal., 2019). Our observation of reduced TWS coinciding with heightened HWF in most regions corroborates this
phenomenon. These dynamics underscore the potential for heatwaves to exacerbate droughts and deplete water
resources (Ndehedehe & Adeyeri, 2024). Consequently, ecosystems face heightened strain, leading to biodi-
versity loss and even local extinctions (In Pachauri & Mayer, 2015).

5. Conclusion

This study enhances understanding of heatwave dynamics in a warming world by integrating large-scale atmo-
spheric processes, and regional variability. By identifying dominant drivers—such as thermodynamic instability
in monsoonal regions, TWS impacts in semi-arid zones, and dynamic subsidence in subtropical ridges—it moves
beyond generic resilience strategies to enable regionally tailored solutions. These insights are critical as climate
change intensifies heatwave risks, which are further compounded by the synergistic relationship between de-
mographic and socioeconomic factors.

We emphasize that adaptation measures must directly address the dominant regional mechanisms driving heat-
waves. For example, WAF region should prioritize soil moisture retention through agroforestry and groundwater
management to counteract TWSs contribution to HWF. SAM region should strengthen early warning systems for
monsoon breaks and enforce land-use policies that preserve vegetation to mitigate thermodynamic instability. To
address dynamic ridge amplification, WNA region should integrate urban cooling infrastructure (e.g., reflective
surfaces and green corridors) with synoptic-scale monitoring. In addition, urban planning must balance popu-
lation growth with climate resilience in hotspot regions like Southern Africa, South Asia, and East Asia. This
includes decentralizing high-density settlements, expanding cooling centers, and improving healthcare access.
Meanwhile, transboundary cooperation in East Asia is essential to regulate pollutants (e.g., aerosols, methane)
that disrupt atmospheric moisture balance and exacerbate heatwaves. Under high-emission scenarios (e.g.,
SSP585), preemptive infrastructure investments in regions like the Sahara and Central Africa should leverage
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driver-specific diagnostics to optimize preparedness. Finally, sustained community involvement is vital to ensure
solutions are culturally relevant and equitably implemented. Participatory approaches, such as co-designing heat
action plans with local stakeholders, can bridge gaps between technical projections and lived experiences,
fostering trust and long-term resilience.

Appendix A: Multivariate Bias-Correction Employing an N-Dimensional Probability
Density Function Transform

The multivariate bias correction (BC) method uses the quantile mapping technique to adjust the marginal dis-
tributions of climate model simulations while maintaining the expected changes in simulated quantiles (Adeyeri
et al., 2020; Cannon, 2018). The multivariate rescaling approach uses N-dimensional probability density function
transform (MBCN) to modify the joint multivariate dependence structure between dependent variables in
multivariate BC following the QDM approach (Adeyeri et al., 2020, Adeyeri, Zhou, Ndehedehe, Wang, & Ishola,
et al., 2024).

The MBCN utilizes QDM to enhance the N-dimensional probability density function transform approach by
incorporating data from R,, ,R,,, and R, .. The R,, .,R,, , and R, . variables are rotated, and the absolute change
from Equations A5 and A6 are applied to each rotated R, ,R,,, and R, . variables. Consequently, the spun

Ry, s Ry, and R

m,c» 0,C

are rotated back as RU*!, RU*I1, RIM. This operation repeats itself until RI*! equals R, .. Each

column of R,

maintain trends in R, , (Adeyeri, Zhou, Ndehedehe, Wang, & Ishola, et al., 2024):

is ranked following the ordinal rankings of the corresponding elements in each column of R,[,fj;,l] to

The relative change in quantiles between the calibration and projected periods (¢) for conservative variables:
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Figure Al. Long-term average state from 1979 to 2014 of (a) heatwave frequency, Vapor transport (VT) (vectors), and geopotential heights (contours) at 925 hPa,
(b) Air temperature, VT (vectors), and geopotential heights (contours) at 700 hPa, (c) Elevation, VT (vectors), and geopotential heights (contours) at 300 hPa, and
(d) Vertically integrated moisture transport (Integrated vapor transport) from 300 to 1,000 hPa.
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The relative change in quantiles between the calibration and projected periods (#) for non-conservative variables:
Alte) = Eiye)] = B, ()] (A2)
The non-exceedance probability (&) associated with variable x at time ¢ is given as:
&) = £, [ (0)] (A3)
X, (1) is the climate model value m within the projection period p, F,fl’i, is the time-dependent cumulative dis-
tribution function (CDF) of the climate model projection x,,,. Using a 30 year moving window, x,,,, was
calculated based on the empirical CDF. E,[f;l] is the simulations' inverse CDF during the calibration periods.
The model's & quantile is bias-corrected from observation across the calibration period:
(1) = F 7 e()] (A4)
where X is the bias-corrected quantile.
The inverse CDF during the calibration period, I*;[”C‘” was calculated from observation x,, ..
The final bias-corrected model projection x,. at a time ¢ is given as (Adeyeri, Zhou, Ndehedehe, Wang, & Ishola,
et al., 2024).
x.(f) = x(t) A (¢), for conservative variable (A5)
x.(t) = x(t) + A(¢),for non-conservative variable (A6)
Appendix B: The Relative Contribution of Environmental Variables to Heatwave
Frequency
The HWF and environmental variables are subjected to CPI and presented as (Adeyeri, Laux, et al., 2022; Strobl
et al., 2008).
1. For the regression trees in the random forest
2
A0
Yit — )’i)
(1) — (
RO=3 o rd (B1)
2
50
Yitey — Vi
0 — ( i® )
R = Diepo rd (B2)
2. For the classification trees in the random forest
I ()71(‘t) # Yi)
0 —
RO=3% 0 rd (B3)
1(9@ #y-)
O _ w7
R(k) - Zie/f” | ﬂ(z)| (B4)
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where R® and R((,?) are the prediction error of tree 7 in a random forest with predictors p and ntrees of trees based on

the out-of-bag sample O, respectively, before the permutation of the out-of-bag values of X;. ] ﬂ(’)| is the out-of-
bag cardinal number sample for tree ¢, and /() is the indicator function.

‘yl(.’) is the function £ (x;), which is the random forest prediction of the out-of-bag observation i before per-
mutation. X,y is the ith X; observation after permutation.
The forest permutation of importance Pl is the average overall tree-wise permutation PIEQ).
ntree (1)
PI
=1 k
Plyy =22 —_® (B6)
ntree

0 _ p® _
where PI)) = R) = R®

In the CPI, out-of-bag values of one predictor X, are conditionally permuted on other predictors Z_y.
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