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Abstract

Land–atmosphere coupling, which represents the exchanges of water, energy and momentum between
the land surface and atmosphere, plays a central role in shaping regional hydroclimate variability and
climate extremes. These influences are transmitted through a chain of linked processes connecting
soil moisture, evapotranspiration, boundary-layer development, cloud formation, and precipitation.
However, the roles of intermediate processes in the land–atmosphere coupling chain, their spatiotem-
poral dynamics, and sensitivity to human interventions remain insufficiently understood. Using a
series of Terrestrial System Modeling Platform (TSMP) simulations, this thesis investigates the role
of cloud moisture in the land–atmosphere coupling chain under different hydroclimatic conditions
over Europe (Chapter 3). A process-based analysis identifies evapotranspiration–cloud interactions
as a critical sub-process in the coupling chain, showing that the nonlinear response of cloud moisture
dynamics to land-surface fluxes varies strongly with both soil moisture conditions and large-scale
atmospheric moisture advection. A causal analysis framework using the Liang–Kleeman information
flow method is then developed to diagnose the dynamics of land–atmosphere coupling during com-
pound dry-hot events by tracking the directional influences of soil moisture and shortwave radiation
on near-surface temperature (Chapter 4). The results show that near-surface temperature variability
over much of Europe is controlled mainly by shortwave radiation under climatological conditions,
but during the development of compound dry-hot events, the directional influence of soil moisture on
temperature strengthens while that of shortwave radiation weakens, indicating a shift toward stronger
soil moisture control and more water-limited conditions. The same causal analysis framework is
further applied to assess the impacts of irrigation on compound dry-hot events and land–atmosphere
coupling based on TSMP simulations with irrigation forcing (Chapter 5). The results demonstrate
that irrigation reduces the frequency and intensity of compound dry-hot events in Europe and weakens
soil moisture–temperature coupling, although these effects are mainly confined to heavily irrigated
regions. Overall, this thesis shows that land–atmosphere coupling over Europe is highly dynamic and
state-dependent across contrasting hydroclimatic conditions. These findings provide a process-level
understanding of the mechanisms shaping land–atmosphere coupling and highlight the value of com-
bining fully coupled climate modeling with causal analysis methods for assessing regional climate
variability and human–climate interactions.
Keywords: Land–atmosphere coupling; Evapotranspiration–cloud interactions; Compound dry-hot
events; Irrigation impacts; Causal analysis
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Chapter 1

Introduction

1.1 Modeling the Earth system

The Earth system consists of the atmosphere, hydrosphere, cryosphere, lithosphere, biosphere, and
human systems, which interact through exchanges of water, energy and momentum (Figure 1.1)
(Intergovernmental Panel on Climate Change, 2023). Within this system, the short-term state of the
atmosphere, evolving over hours to days, while climate refers to the long-term characteristics of these
variables, namely their climatology, variability, and extremes, typically assessed over multi-decadal
periods. A key property of the Earth system is that its components are strongly connected through
interactions and feedbacks that link processes across different domains and scales (Steffen et al.,
2005). As a result, perturbations in one component, such as changes in soil moisture or sea ice cover,
can propagate through the coupled system and influence regional weather, climate variability, and
extremes, often in nonlinear ways (Rial et al., 2004). Because these interactions are nonlinear and
involve feedbacks across multiple subsystems, understanding their impacts on weather and climate
variability remains challenging. Global climate models (GCMs) and Earth system models (ESMs)
have therefore become the central tools for Earth system and climate research (Greve et al., 2014;
Greve and Seneviratne, 2015). CMIP5 and CMIP6 model ensembles are widely used to simulate large-
scale hydroclimatic variability and to assess climate responses to external forcing in both historical
and future scenarios (Taylor et al., 2012; Eyring et al., 2016). To study regional climate changes,
including the impacts of human water use, regional climate models (RCMs) provide a more suitable
framework by dynamically downscaling the coarse-resolution output of global climate models to
finer spatial scales. Since their development in the late 1980s, RCMs have become a key tool for
investigating regional hydroclimate and climate impacts at spatial scales unresolved by global models
(Konapala et al., 2020; Padrón et al., 2020). Yet such modeling is inherently difficult, as it must
represent processes from various spatial and temporal scales, account for nonlinear feedbacks between
coupled subsystems, and approximate subgrid-scale processes such as cloud microphysics (Morrison
et al., 2020). These challenges are particularly pronounced at the regional scale, where fine-scale
processes, land surface heterogeneity, and human impacts further complicate the interactions across
different components of the Earth system (Prein et al., 2015). RCMs are therefore particularly useful
in regions where land surface heterogeneity, subsurface processes, and human interventions strongly
affect land–atmosphere coupling (Butts et al., 2014; Zhou et al., 2021, 2022).
Compared with GCMs, RCMs can represent forcing and physical processes at finer spatial and tem-
poral scales, thereby providing a more detailed description of regional hydroclimate (Giorgi, 1995).
However, conventional RCMs still face important limitations, particularly in the parameterization
of convection and in the simplified representation of interactions with other Earth system compo-
nents (Prein et al., 2015). Recent increases in computational resources have made it increasingly
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Chapter 1. Introduction

Figure 1.1: Schematic of the Earth system showing its main components, including the atmosphere,
hydrosphere, cryosphere, lithosphere, biosphere, and human systems, and their interactions through
exchanges of water, energy, and momentum. The figure highlights the interconnected nature of these
subsystems and emphasizes the role of human impacts and land–atmosphere interactions across the
groundwater to atmosphere continuum. Adapted from Chapter 1 of IPCC report (IPCC, 2001).

feasible to improve spatial resolution and incorporate more comprehensive process representations.
Regional Earth system models can represent interactions among multiple Earth system components
by coupling the atmosphere, land surface, and subsurface (Giorgi and Mearns, 1991; GIORGI and
GAO, 2018). Different coupling strategies have been developed for different subsystem combinations,
including atmosphere-ocean-sea ice interactions (Somot et al., 2008). RCMs have also been coupled
to additional process modules, such as vegetation dynamics or aerosol schemes, to better represent
specific feedback pathways (Alo and Wang, 2008; Zhang et al., 2009). In order to understand the
full dynamics of the water and energy cycles, a fully coupled bedrock to atmosphere framework is
particularly valuable for capturing the complete feedback chain. For example, the Terrestrial System
Modeling Platform (TSMP) represents fully coupled atmospheric and land surface-subsurface hy-
drologic processes, incorporating a realistic representation of groundwater dynamics, the hydraulic
connection to surface water, and two-way feedbacks with atmospheric processes (Shrestha et al.,
2014; Gasper et al., 2014). Such advances in RCM frameworks provide a useful process-based
approach for investigating how human-induced land surface changes interact with regional climate
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processes, particularly where long-term and spatially consistent observations remain insufficient to
constrain these coupled processes.

1.2 Land–atmosphere coupling in the Earth system

Understanding regional hydroclimate requires accounting for the complex interactions among land,
atmosphere, and other Earth system components, which regulate exchanges of water, energy, and
momentum across multiple spatial and temporal scales (Koster et al., 2004). Among these interactions,
land–atmosphere coupling is especially important because the land surface forms the interface through
which heat, moisture, and momentum are exchanged with the atmosphere (Koster et al., 2006). It refers
more broadly to the two-way interactions through which land surface states and fluxes influence, and
are influenced by, atmospheric processes across weather and climate timescales (Seneviratne et al.,
2010). In this thesis, land atmosphere interactions are used as a broad term for the full set of
linked land and atmospheric processes. Land atmosphere coupling refers more specifically to the
strength of individual linkages or pathways within that system, while feedback is reserved for closed
loop interactions. Land surface conditions govern the partitioning of available energy into sensible
and latent heat, thereby influencing boundary-layer development, cloud formation, and precipitation.
These interactions not only shape mean climate states but also modulate climate variability and the
occurrence of extremes such as droughts, and heatwaves (Seneviratne et al., 2006). Among the
land surface variables involved, soil moisture is particularly important because it directly constrains
evapotranspiration and surface energy partitioning. Compared with atmospheric variables, soil
moisture exhibits slower variability and a longer memory effect on synoptic to seasonal timescales,
although it can increase rapidly following rainfall events. It plays a key role in regional and global
climate dynamics through its feedbacks on evapotranspiration, precipitation, and turbulent fluxes. The
influence of land surface moisture fluxes, especially evapotranspiration, accounts for a substantial
fraction of the changes in the atmospheric water cycle in climate projections (Seneviratne et al.,
2013; May et al., 2017). However, the strength and even the sign of land–atmosphere feedbacks vary
regionally and seasonally, particularly in transitional climate zones where land surface processes and
atmospheric forcing exert strong influences on the surface energy and water balance. Accurately
representing this spatial and seasonal variability is therefore critical for improving the representation
and diagnosis of regional hydroclimate variability and extremes (Dirmeyer et al., 2013; Dirmeyer,
2013).

1.2.1 Land–atmosphere coupling processes

Land–atmosphere coupling functions through a chain of interacting processes that link land surface
states to atmospheric responses across multiple temporal and spatial scales. A widely used conceptual
framework is the local land–atmosphere coupling process chain shown in Figure 1.2 (Santanello et al.,
2011). In this framework, land surface conditions such as soil moisture, vegetation state, and soil
temperature influence the partitioning of available energy and water at the surface, which then
affects the surface layer, boundary-layer development, cloud processes, and potentially precipitation.
The figure highlights that these interactions do not occur through an isolated pathway (Santanello
et al., 2018). Instead, they involve multiple linked processes and feedbacks related to surface
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fluxes, boundary-layer development, cloud formation, radiation, and atmospheric stability (Findell
and Eltahir, 2003).
The terrestrial leg of this process chain describes how land surface states regulate surface fluxes. A
central component of the terrestrial leg is the coupling between soil moisture and evapotranspiration
(Hsu and Dirmeyer, 2022). Its regime dependence is well established: under water-limited condi-
tions, evapotranspiration increases with soil moisture, whereas under energy-limited conditions, its
sensitivity to additional soil moisture diminishes and can even become negative (Seneviratne et al.,
2010). The strongest soil moisture control on evapotranspiration is typically found in the transitional
regime between water-limited and energy-limited regimes. In this regime, relatively small soil mois-
ture anomalies can produce large changes in latent and sensible heat fluxes, making land–atmosphere
coupling particularly strong (Koster et al., 2006; Seneviratne et al., 2006).
In the atmospheric leg of land–atmosphere coupling, anomalies in latent and sensible heat fluxes
modify near-surface temperature and humidity, which in turn affect turbulence, entrainment, and
daytime boundary-layer growth (Beamesderfer et al., 2022), as shown in Figure 1.2. Under dry
conditions, reduced evapotranspiration and enhanced sensible heating generally favor warmer near-
surface air, lower relative humidity, and a deeper daytime boundary layer (Dirmeyer et al., 2021).
These changes can alter cloud formation and atmospheric stability, while cloud cover can in turn
modify incoming shortwave radiation and surface heating, thereby feeding back on land surface
conditions within the coupled system (Findell and Eltahir, 2003; Betts et al., 2015; Sedlar et al.,
2022). The atmospheric response to land surface anomalies therefore depends not only on changes
in surface fluxes, but also on how these changes interact with boundary-layer, cloud, and radiative
processes under different hydroclimatic conditions (Seneviratne et al., 2010; Gevaert et al., 2018).

1.2.2 Progress and challenges in understanding land–atmosphere coupling

Recent advances in both modeling and observations have substantially improved the understanding of
land–atmosphere coupling. In particular, GCMs and RCMs can represent land surface heterogeneity,
vegetation dynamics, and boundary-layer processes more explicitly, enabling process-level exami-
nation of how land surface anomalies affect surface fluxes and the lower atmosphere under climate
change (de Vrese et al., 2016; Rai et al., 2022). At the global scale, the Global Land–Atmosphere Cou-
pling Experiment (GLACE) identified key coupling hotspots in transitional climate zones where soil
moisture strongly controls evapotranspiration (Koster et al., 2004, 2006). At the regional scale, studies
over Europe further showed that coupling strength was spatially heterogeneous and can be either en-
hanced or suppressed by large-scale atmospheric transport (Knist et al., 2017; Jach et al., 2020, 2022;
Pastorello et al., 2020). For example, Jach et al. (2020, 2022) identified north-eastern Europe as a per-
sistent hotspot of positive soil moisture–precipitation feedback. Beyond soil moisture–precipitation
feedbacks, many studies have also highlighted the importance of soil moisture–temperature coupling
for temperature variability and extremes. In water-limited regimes, soil moisture deficits reduce
evapotranspiration and shift the surface energy partitioning toward sensible heating, leading to en-
hanced surface warming and boundary-layer growth (Berg et al., 2015; Miralles et al., 2019). This
mechanism has been identified as a key driver of heatwave amplification and persistence, particularly
in transitional climate zones where evapotranspiration strongly responds to soil moisture variability
(Seneviratne et al., 2010; Gevaert et al., 2018). More recently, Schwitalla et al. (2023) showed from
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Figure 1.2: Conceptual diagram of local land–atmosphere interactions, showing how soil moisture,
vegetation processes, and surface energy fluxes regulate boundary-layer development, cloud forma-
tion, and atmospheric stability. Adapted from Santanello et al. (2018).

ERA5 reanalysis data for 1991–2022 that droughts and heatwaves can shift and intensify coupling
patterns over time, indicating that land–atmosphere coupling is temporally dynamic and strongly
dependent on background hydroclimatic conditions.
However, major uncertainties remain in the representation of land–atmosphere coupling in climate
models and in its evaluation against observations. Diagnosed coupling strength still shows substantial
inter-model spread, partly because models differ in their representations of soil moisture, boundary-
layer turbulence, and convection (Koster et al., 2006; Hohenegger et al., 2009). In addition, the
coarse resolution of many GCMs limits their ability to capture land surface heterogeneity and fine-
scale feedbacks, which contributes to uncertainty in simulated coupling responses and their role in
regional climate extremes (Boé, 2013; Pitman et al., 2009; May et al., 2017). Addressing these
uncertainties requires high-resolution, fully coupled simulations that can be evaluated against more
comprehensive observations (Findell et al., 2024). Yet such evaluations remain difficult because
long-term and spatially consistent measurements of soil moisture, evapotranspiration, and boundary-
layer conditions are sparse, and because available observations often do not align with the spatial and
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temporal scales represented in climate models (Dirmeyer et al., 2016; Loew et al., 2013; Mohammed
et al., 2023).
Current diagnostic methods for land–atmosphere coupling analysis still have limitations. Many
approaches capture only part of the land–atmosphere coupling process chain because they focus on
individual pairwise pathways such as soil moisture to precipitation or soil moisture to near-surface
temperature, while neglecting the intermediate processes that connect land states, turbulent fluxes,
boundary-layer development, cloud formation, and atmospheric moisture transport (Hay-Chapman
and Dirmeyer, 2023; Gao et al., 2024; Wei et al., 2013; Tesch et al., 2023). This limitation is
especially important for understanding the atmospheric leg of land–atmosphere coupling. Boundary-
layer clouds play a critical role in the diurnal cycle of the boundary-layer processes and the atmospheric
water balance, yet their role is often ignored or oversimplified, particularly without distinguishing
among different cloud regimes (Findell and Eltahir, 2003; Betts et al., 2015; Sedlar et al., 2022;
Tian et al., 2022). In addition, cloud moisture may originate either from local evapotranspiration or
from large-scale atmospheric moisture transport, making it difficult to separate the relative roles of
thermodynamic and dynamical controls across atmospheric regimes.
In addition, many widely used approaches are based on correlation or regression, which capture only
co-variability but not directional influence (Orlowsky and Seneviratne, 2010; Dirmeyer, 2011; Zhou
et al., 2021; Cui et al., 2022). A positive correlation between soil moisture and temperature, for
example, does not indicate whether soil moisture anomalies drive temperature variability, whether
atmospheric forcing drives both variables, or whether the relationship simply reflects common sea-
sonality or autocorrelation (Wang et al., 2018; Díaz et al., 2022). In addition, land–atmosphere
coupling evolves across diurnal, seasonal, and interannual timescales, whereas many diagnostics are
effectively static and therefore do not resolve such temporal changes explicitly (Yang et al., 2025).
Methods that explicitly resolve directionality, temporal evolution, and partial dependencies under
changing environmental conditions remain limited (Hsu and Dirmeyer, 2021, 2022). This gap moti-
vates the use of regional climate modeling with causal analysis approaches to better disentangle key
land–atmosphere coupling processes and their evolution under changing environmental conditions
(Runge et al., 2019; Nowack et al., 2020; Tesch et al., 2023).

1.2.3 Human impacts on regional climate

The IPCC AR6 (Chapter 11) (Intergovernmental Panel on Climate Change, 2023) emphasizes that
human impacts, particularly land-cover and land-use (LULCC) change, have already contributed
substantially to climate change and are themselves shaped by changing climatic conditions (You
et al., 2025). For example, urban growth increases the frequency and severity of hot extremes through
mechanisms such as the urban heat island effect, while agricultural expansion alters surface fluxes and
the hydrological cycle, amplifying drought frequency and modifying precipitation patterns. These
findings highlight the need to explicitly represent human activities in climate modeling frameworks,
as they affect both climate dynamics and extreme events.
Major human-induced land surface changes include deforestation, afforestation, urban expansion,
agricultural intensification, and irrigation. Across Europe, these changes are spatially heterogeneous
over recent decades, with marked shifts in grassland, forest, cropland, and urban fractions (Hoffmann
et al., 2023). Among them, irrigation has become one of the most intensive land management
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practices, particularly in southern Europe and Mediterranean regions, where irrigated cropland now
occupies a substantial fraction of agricultural land (Hoffmann et al., 2023). A recent study by Zhu
and Siebert (2024) found that irrigation water use in Europe exhibits strong spatial heterogeneity
and pronounced interannual variability. These variations reflect differences in climate regimes, water
availability, soil properties, crop types, and climate variability across regions and years. Temporally,
irrigated areas expand episodically in dry years, such as during the droughts of 2003 and 2018,
reaching more than 11.5 Mha, and contract in wetter years when precipitation meets a larger share
of crop water demand. These dynamics demonstrate that drought is a key driver of irrigation
expansion by increasing irrigation demand. However, in Mediterranean regions with limited water
resources, severe drought can actually lead to reductions in irrigated area due to supply constraints
or policy restrictions (Zhu and Siebert, 2024). These findings indicate that irrigation in Europe is
highly sensitive to variability in temperature and precipitation and is therefore strongly influenced by
drought conditions.

Human impacts on land surface directly modify its physical characteristics, including surface albedo
and roughness length, which can have a significant influence on regional climate and ecosystems
through alterations in vegetation cover and biogeochemical cycles, acting as a key biophysical driver
of regional climate in addition to greenhouse gas emissions (Intergovernmental Panel on Climate
Change, 2023; Findell et al., 2017). Irrigation represents one of the most direct and widespread
human impacts on surface energy and water exchanges (Wada et al., 2016). By applying water
to the land surface, irrigation increases evapotranspiration and humidity while lowering sensible
heat flux, which can shift the surface energy balance toward more latent heat fluxes, resulting in an
evaporative cooling effect and moistening of the near-surface atmosphere (Qian et al., 2020). The
increased evapotranspiration also modifies boundary-layer development and mesoscale circulation,
thereby influencing atmospheric conditions such as humidity, temperature, and precipitation patterns
(Wei et al., 2013). The resulting precipitation response, however, is highly variable: some studies
report local enhancement of rainfall, while others find suppression or negligible changes depending
on background climate and soil moisture conditions (Alter et al., 2015a; Lu et al., 2017; de Vrese
and Stacke, 2020; Decker et al., 2017; Al-Yaari et al., 2022). More broadly, the impacts of irri-
gation are often spatially heterogeneous and strongly dependent on background hydroclimatic and
water-management conditions. Meanwhile, irrigation can dampen local hot extremes by enhancing
evapotranspiration and shifting the surface energy balance toward latent heat flux, particularly during
heatwaves and droughts when water limitation would otherwise intensify local heating conditions
by increasing sensible heat fluxes (Thiery et al., 2017). From a water balance perspective, irriga-
tion and groundwater abstraction modify terrestrial water availability and thereby alter the terrestrial
sink term (precipitation–evapotranspiration). Keune et al. (2018) found that these processes reduce
the terrestrial sink term during heatwaves in heavily irrigated basins, counteracting the natural soil
moisture–precipitation coupling that would otherwise enhance water availability in dry regions. Such
feedbacks depend strongly on local hydrological and topographic conditions (Imamovic et al., 2017;
Shah et al., 2019). Overall, irrigation modifies not only surface temperature and humidity but also
the regional water cycle, thereby reshaping land–atmosphere coupling and its influence on climate
extremes (Kueppers et al., 2007; Lo and Famiglietti, 2013; Cook et al., 2015). However, these
climatic impacts are often spatially heterogeneous and strongly dependent on background hydrocli-
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matic and water-management conditions. Climate projections further indicate that irrigation areas
and amounts may expand in response to more frequent and severe droughts under climate change,
which could intensify land–atmosphere coupling strength and modify regional water and energy
cycles (Lawston-Parker et al., 2023b; Wang et al., 2024b). Understanding these irrigation effects is
therefore essential for assessing how human water management modifies regional climate extremes
and the land–atmosphere feedbacks that sustain them. The remaining challenge is to represent these
processes realistically in climate models and to assess their impacts consistently across scales and
scenarios.

1.2.4 Representing human activities in climate models

GCM experiments have been widely used to quantify the impact of human activities on climate
variability and extreme events. Strengers et al. (2010) coupled the LPJmL dynamic vegetation
model with the SPEEDY GCM and found that LULCC has a stronger influence on climate than
natural vegetation dynamics, mainly due to albedo and evapotranspiration changes. Using the GFDL-
ESM2G, Findell et al. (2017) showed that mid-latitude forest conversion increased the frequency of
dry and hot summers from once per decade to every 2–3 years, underscoring the contribution of
LULCC to compound extreme events. A complementary study by Thiery et al. (2017) further showed
that large-scale irrigation can substantially modify hot extremes in intensively irrigated regions.
These studies show that GCMs can capture the broad influence of LULCC, vegetation dynamics, and
irrigation on climate variability and extremes through biophysical and biogeochemical feedbacks.
However, their coarse spatial resolution limits the representation of regional-scale processes and
small-scale heterogeneity. For example, the resolution used by Thiery et al. (2017) is about 100 km,
which is insufficient for resolving finer-scale land–atmosphere interactions.
RCMs such as WRF, COSMO-CLM, REMO, and RegCM have become central tools for investigating
regional human impacts (Sofiadis et al., 2022; He et al., 2021; Zhang et al., 2017). Compared
with GCMs, these models operate at higher resolution and can incorporate high-resolution land-
cover and irrigation datasets (e.g., LUCAS, GCWM) (Hoffmann et al., 2023; Siebert and Döll,
2010), which improves the representation of heterogeneity across urban, agricultural, and forested
landscapes. RCM studies have shown that LULCC and irrigation can substantially affect regional
climate extremes and land–atmosphere interactions (Wang et al., 2012; Zhang et al., 2023; Breil et al.,
2023; Sofiadis et al., 2022; Asmus et al., 2023; Kang and Eltahir, 2019; Yuan et al., 2023; Alexander
et al., 2022; Wu et al., 2022). Recent developments in irrigation parameterizations have further
improved simulations of extreme events and the representation of land–atmosphere coupling strength
(Casirati et al., 2025). Nonetheless, modeling outcomes remain highly sensitive to the settings of
irrigation timing and intensity. This sensitivity largely reflects the limited temporal consistency and
uneven spatial coverage of existing irrigation and human water use datasets.
Real-time information on irrigation practices is inherently difficult to obtain, as irrigation represents
a management decision rather than a continuously monitored environmental variable. As a result,
current irrigation and water use datasets rely on a combination of global inventories, process-based
reconstructions, and remote sensing products (McDermid et al., 2023). Inventories such as AQUAS-
TAT and GMIA provide broad spatial coverage but remain temporally coarse. Process-based models
such as WaterGAP and GCWM offer long-term estimates of irrigation withdrawal and consumption
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but depend on assumptions about crop water demand and allocation schemes (Wada et al., 2016;
Siebert and Döll, 2010). Remote-sensing products provide finer spatial detail and improved temporal
dynamics, but most are region-specific or too short in duration to support multi-decadal climate
simulations (Dari et al., 2023; Laluet et al., 2026; Dari et al., 2025; Zappa et al., 2024).
Despite recent advances, current RCMs and analysis approaches still struggle to represent how
irrigation and groundwater extraction alter surface fluxes, boundary-layer development, and the land–
atmosphere coupling relationships. First, most RCMs still couple only the land surface and atmosphere
(Clark et al., 2015), which limits the representation of groundwater-mediated feedbacks under irri-
gation. Second, few studies conduct long-term simulations that can robustly assess variability in
land–atmosphere interactions across human impact scenarios (Lawston-Parker et al., 2023a; Asmus
et al., 2023; Pokhrel et al., 2016). Third, current research largely focuses on how human activities
can influence the occurrence of extremes, with limited attention to how they modify land–atmosphere
coupling states during extreme events (Miralles et al., 2019; Seneviratne et al., 2018). A main reason
is that many land–atmosphere diagnostic approaches assume naturalized or static land conditions.
This assumption constrains their ability to capture human activities such as irrigation (Al-Yaari et al.,
2022), groundwater extraction (Wang et al., 2019b), and LULCC, thereby biasing land–atmosphere
feedback assessments in regions with strong human intervention. For example, many studies show
that irrigation increases local evapotranspiration, while its influence on the entire land–atmosphere
coupling chain remains highly uncertain, particularly for atmospheric responses such as precipitation,
which are highly sensitive to convective parameterizations and region-specific circulation patterns
(Valmassoi and Keller, 2022). Moreover, human impacts are spatially and temporally complex and
variable; for instance, in drylands and during dry seasons, irrigation often expands and alters land–
atmosphere coupling, yet this complexity and variability remain insufficiently understood (Wang
et al., 2024a).

1.2.5 Land–atmosphere coupling and human impacts during climate extremes

In recent decades, the frequency and intensity of extreme events, particularly droughts, heatwaves, and
compound dry-hot events (CDHEs), have increased worldwide, posing severe threats to ecosystems,
agriculture, and human health (Wang et al., 2023). This trend is particularly strong in Europe, with the
largest increases in central Europe and the Mediterranean drylands (Khodayar Pardo and Paredes-
Fortuny, 2024; Markonis et al., 2021). Global warming has contributed to this intensification by
shifting the mean climate state and increasing the likelihood that daily temperature exceeds historical
climatological thresholds (Zscheischler et al., 2020; Pan et al., 2023; Qian et al., 2023; Kong et al.,
2024). Enhanced land–atmosphere coupling can further amplify these extremes, particularly when soil
drying strengthens land surface control on surface energy partitioning, boundary-layer development,
and near-surface temperature (Berg et al., 2015; Miralles et al., 2019; Qing et al., 2023). These shifts
in surface energy partitioning also affect boundary-layer development and cloud processes, linking
land surface drying to atmospheric conditions that regulate the onset, persistence, and severity of
extreme events. Recent studies suggest that soil drying can induce the shifts that strengthen positive
soil moisture–temperature feedbacks during heatwaves, allowing drought and heat to intensify even in
regions that are not usually considered strongly water-limited (Benson and Dirmeyer, 2023; Ni et al.,
2024; Li et al., 2024). These processes also lead to spatially heterogeneous agricultural impacts,
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with the strongest losses occurring in water-limited areas where crop production is more sensitive to
soil moisture deficits (Xu et al., 2024). Despite this progress, major gaps remain in understanding
how land–atmosphere feedbacks evolve during the onset and evolution of extreme events. These
limitations become particularly important during CDHEs, when land–atmosphere relationships can
change rapidly over time. In such cases, stationary and correlation-based diagnostics are often
insufficient to determine whether land surface anomalies actively intensify atmospheric extremes or
simply co-vary with them because both may be influenced by confounding factors or common external
drivers (Dirmeyer et al., 2021; Dong et al., 2022; Wang et al., 2018; Díaz et al., 2022; Tesch et al.,
2023).

1.3 Research questions and objectives

Several fundamental limitations still constrain our understanding of land–atmosphere coupling and
its influence on climate extremes. Figure 1.3 synthesizes the main process pathways considered
in this thesis and highlights the main knowledge gaps that motivate the research questions. These
research gaps can be grouped into three aspects. First, many studies still focus on bulk statistical
relationships between land and atmospheric variables while overlooking the intermediate processes
linking land states, turbulent fluxes, boundary-layer development, and clouds. Second, most analysis
methods still focus more on co-variability than on directional interactions and their temporal evolu-
tion. Third, many regional climate studies still simplify subsurface processes and human influences
such as irrigation, despite their strong effects on land–atmosphere coupling and climate extremes. To
address these gaps, this thesis advances current understanding of land–atmosphere coupling through
three main contributions. First, it moves beyond bulk statistical relationships by explicitly exam-
ining the process chain linking evapotranspiration, boundary-layer dynamics, and cloud processes.
Second, it develops a causal analysis framework to quantify how the strength and direction of key
land–atmosphere coupling relationships evolve during CDHEs. Third, it uses a fully coupled regional
modeling framework that explicitly represents subsurface and groundwater feedbacks and extends
the causal analysis framework developed for CDHEs to examine how irrigation, as a human inter-
vention, modifies land–atmosphere coupling during these events. Three main research questions are
summarized below:

• Research question 1 (RQ1): What roles do evapotranspiration–cloud interactions play in land–
atmosphere coupling, and how do these relationships vary across regions and hydroclimatic
regimes?

• Research question 2 (RQ2): How do the directional influences of soil moisture and shortwave
radiation on near-surface temperature evolve in space and time during compound dry-hot events,
and to what extent can this evolution be quantified using a causal inference framework?

• Research question 3 (RQ3): How does irrigation modify the causal influence of soil moisture
on temperature during compound dry-hot events, and to what extent does it influence their
development?
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Figure 1.3: Conceptual schematic of land–atmosphere coupling under normal conditions and during
compound dry-hot events, illustrating the main pathways linking soil moisture, evapotranspiration,
surface energy partitioning, atmospheric moisture transport, and cloud–precipitation processes. The
schematic also highlights the main knowledge gaps addressed in this thesis, including the role
of evapotranspiration–cloud interactions in the coupling process chain (Research question 1), the
spatiotemporal evolution of directional land–atmosphere interactions during compound dry-hot events
(Research question 2), and the effects of irrigation on land–atmosphere coupling and compound dry-
hot event development (Research question 3).

Answering these questions defines the scope of this dissertation. Chapter 2 introduces the regional
climate model setup, the theoretical background of land–atmosphere coupling, and the methodological
framework used throughout the thesis. Chapter 3 investigates evapotranspiration–cloud interactions
and their role in the process-level understanding of land–atmosphere coupling across regions and
hydroclimatic regimes. Chapter 4 develops and applies a causal analysis framework to quantify how
the causal influences of soil moisture and shortwave radiation on near-surface temperature evolve
during CDHEs. Chapter 5 examines how irrigation modifies land–atmosphere coupling and the
characteristics of CDHEs using fully coupled TSMP simulations. Chapter 6 summarizes the main
findings and discusses their broader implications.
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Chapter 2

Theoretical and Methodological
Background

2.1 Regional climate modeling with TSMP

The Terrestrial Systems Modeling Platform (TSMP; (Shrestha et al., 2014; Gasper et al., 2014)) is
a fully coupled regional Earth system modeling framework that integrates three core components:
the non-hydrostatic atmospheric model COSMO (Baldauf et al., 2011; Doms et al., 2002), the
Community Land Model CLM 3.5 (Oleson et al., 2008), and the variably saturated hydrologic model
ParFlow (Jones and Woodward, 2001; Kollet and Maxwell, 2006; Maxwell, 2013). Its modular design
allows different coupling configurations, including atmosphere to land (COSMO–CLM), subsurface
to land (ParFlow–CLM), and fully coupled atmosphere to land to groundwater setups. The three
components are linked through the OASIS3-MCT coupler (Valcke, 2013), which enables the exchange
of water, energy, and momentum across the atmosphere, land surface, and subsurface. In this coupled
framework, COSMO simulates atmospheric processes such as radiation, cloud formation, convection,
and large-scale circulation. It provides CLM with near-surface forcing, including shortwave and
longwave radiation, air temperature, specific humidity, wind speed, surface pressure, and precipitation.
CLM computes land surface water and energy fluxes, including evapotranspiration, sensible heat flux,
and latent heat flux, in response to atmospheric forcing and land surface states. ParFlow solves the
three-dimensional Richards equation to simulate variably saturated subsurface flow and groundwater
dynamics, and provides updated soil moisture and pressure states to CLM. In the TSMP configuration
used in this thesis, COSMO runs at a 60 s time step, whereas CLM and ParFlow run at 900 s,
with component coupling performed every 900 s using temporally averaged COSMO output. Model
outputs are archived at hourly or three-hourly intervals for subsequent analysis. The main coupled
water and energy pathways relevant to this thesis are introduced in Section 2.2.
Previous studies over Europe have shown that fully coupled TSMP simulations can realistically rep-
resent key hydroclimatic states and fluxes, including soil moisture, evapotranspiration, and ground-
water storage, while also reproducing heat extremes (Naz et al., 2023; Poshyvailo-Strube et al., 2022;
Furusho-Percot et al., 2022). These studies show that explicit groundwater dynamics reshape land–
atmosphere interactions by buffering soil moisture depletion, sustaining evapotranspiration under dry
conditions, and thereby influencing the intensity and persistence of heat and drought extremes (Keune
et al., 2016; Zipper et al., 2019; Hartick et al., 2022). This modeling framework is therefore partic-
ularly relevant for the present thesis, which examines how groundwater dynamics, land surface flux
partitioning, and human water use affect land–atmosphere interactions during hydroclimatic extremes.
In this thesis, the Terrestrial Systems Modeling Platform is referred to simply as TSMP; however, the
analyses are based on version 1, which is distinguished here from the ongoing development of version
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2 (Poll et al., 2025).

2.1.1 General experimental setup

This thesis uses a reference TSMP baseline simulation and human water use (HWU) simulations de-
rived from it. All simulations are conducted over the EU-CORDEX domain at a horizontal resolution
of approximately 12 km and are forced by lateral boundary conditions from ERA5 reanalysis. The
baseline simulation represents the fully coupled TSMP configuration without explicit human water
use forcing. It covers the period 1979 to 2022 for analysis and is preceded by a 10-year spin-up to
equilibrate the coupled land surface and subsurface states, particularly soil moisture and groundwater
storage. The HWU simulations are constructed from the baseline configuration and cover the period
1990 to 2022, reflecting the availability of the irrigation forcing data. In these simulations, irrigation
and groundwater abstraction are represented through externally prescribed source and sink terms in
ParFlow. The forcing is provided as preprocessed evaptrans forcing files derived from gridded
irrigation datasets. In physical terms, groundwater abstraction is implemented as a sink from the
groundwater layers to represent pumping, while irrigation water application is represented as a cor-
responding source in the upper soil layer. This setup enables human water withdrawal and irrigation
input to be explicitly incorporated into the coupled terrestrial water balance. Compared with the
threshold-based irrigation parameterization implemented in CLM3.5, this approach prescribes irriga-
tion and abstraction directly from external datasets rather than triggering irrigation solely through an
internal land surface threshold. It therefore provides explicit control over the magnitude and timing of
groundwater withdrawal and irrigation water application within the coupled subsurface land surface
system. To assess the sensitivity of the results to uncertainty in irrigation forcing, two separate HWU
experiments are conducted using two global irrigation datasets (Siebert and Döll, 2010; Wada et al.,
2016).

2.2 Theory of land–atmosphere coupling

2.2.1 Definitions of key terms in land–atmosphere studies

Coupling, feedback, interaction, correlation, and causality are often used inconsistently in the climate
literature, which can lead to conceptual confusion (Seneviratne et al., 2010). In this section, these
terms are clearly defined within the context of this thesis. Coupling refers to the degree to which
variability in one variable is systematically linked to variability in another through a physically
meaningful process (Santanello et al., 2018). When source and target variables are explicitly specified,
coupling can be examined in a directional sense, but directional coupling is not in itself treated as
proof of causality. In this thesis, coupling refers to the extent to which variability in A is systematically
linked to variability in B, without necessarily implying a fully identified causal mechanism. Feedback
represents a closed-loop process where A affects B and B, in turn, affects A. This two-way coupling
can amplify (positive feedback) or dampen (negative feedback) variability in the system (Roe, 2009).
Interaction is used here as a general term to describe situations where multiple variables jointly
influence a process or outcome, potentially in a nonlinear or synergistic way. Interaction does not,
by itself, imply directionality or causality (Steffen et al., 2005). Correlation is a symmetric statistical
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measure of normalized co-variability without directionality or causal interpretation. High correlation
can arise from direct causation, common drivers, autocorrelation, or seasonality. In this thesis,
correlation is used only for exploratory description and not as a surrogate for coupling or feedback
strength (Runge et al., 2019). Causality is a stricter concept than coupling. A causal relationship from
A to B implies a directed influence of A on the evolution of B beyond symmetric association alone. In
time-series analysis, one influential formulation is Granger causality, which defines causal influence
in terms of improved predictability (Granger, 1969). More generally, causal inference frameworks
aim to distinguish directed influence from association alone (Pearl, 2009). Alternative methods
based on information theory quantify causality in terms of information transfer between variables.
In this thesis, directed causal influence is inferred within the Liang–Kleeman (L–K) information
flow framework, in which causality is interpreted as the entropy rate contribution of one variable to
another under the assumptions of the method (Liang, 2013). The magnitude of information flow rate
refers specifically to the estimated strength of directed influence within the L–K information flow
framework, rather than to a generic measure of coupling strength.

2.2.2 Physical controls on land–atmosphere coupling

Land–atmosphere coupling originates from the exchange of water and energy between the subsurface,
land surface, and atmosphere under the constraints of mass and energy conservation (Seneviratne
et al., 2010). This section presents the governing equations that describe these exchanges and outlines
the coupling structure in TSMP through which surface fluxes are communicated between model
components. It then introduces evapotranspiration regimes to explain how surface fluxes, particularly
evapotranspiration, respond to soil moisture variations across different hydroclimatic conditions.
These formulations define the mechanisms through which soil moisture anomalies can affect surface
fluxes and influence atmospheric states.

2.2.2.1 Atmospheric column and surface flux coupling

In land–atmosphere coupling, surface evapotranspiration enters the atmospheric moisture budget as
a lower-boundary moisture flux. In this thesis, 𝐸𝑇 denotes evapotranspiration and, where it appears
in balance equations, the corresponding water flux. Its associated latent heat flux is denoted by 𝐿𝐻.
The conservation of atmospheric water vapor can be written as (Holton and Hakim, 2013; Baldauf
et al., 2011):

𝜕 (𝜌𝑞𝑣)
𝜕𝑡

+ ∇ · (𝜌v𝑞𝑣) = −𝐶 + 𝑆𝑞𝑣 , (2.1)

where 𝜌 is air density, 𝑞𝑣 is specific humidity, and v is the wind velocity vector. The right-hand side
represents volumetric sources and sinks of water vapor, including phase-change and parameterized
moisture tendencies. The term 𝐶 denotes condensation, which removes water vapor through phase
change associated with cloud formation and precipitation processes. 𝑆𝑞𝑣 includes other parameterized
microphysical and subgrid-scale turbulent tendencies. Similarly, the atmospheric energy budget is
governed by the thermodynamic equation,

𝜌𝑐𝑝
𝐷𝑇

𝐷𝑡
= 𝑄rad +𝑄turb, (2.2)
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where 𝑇 is air temperature, 𝑐𝑝 is the specific heat capacity of air, and 𝐷/𝐷𝑡 denotes the material
derivative, which corresponds to the advective form of the conservation equation used in Eq. (2.1).
𝑄rad and 𝑄turb represent radiative and turbulent heating rates per unit volume, respectively. The
equation is presented in simplified diagnostic form to emphasize diabatic heating associated with
radiative and turbulent processes.
At the lower boundary, surface sensible and latent heat fluxes enter the atmospheric column as energy
fluxes and modify near-surface temperature and humidity through turbulent exchange in the lowest
model layers. These equations describe how surface moisture and heat fluxes modify atmospheric
humidity and temperature through boundary forcing and turbulent redistribution. In TSMP, the
CLM and the atmospheric model COSMO are coupled via the external coupler OASIS3-MCT, which
enables parallel execution and data exchange between components. At each coupling step, COSMO
provides CLM with near-surface atmospheric forcing, shortwave and longwave radiation, precipitation
(rain and snow), temperature, humidity, pressure, and wind speed, used by CLM to compute surface
energy and moisture fluxes according to the Monin–Obukhov similarity theory (Monin and Obukhov,
1954). These fluxes, including sensible heat, latent heat, and momentum fluxes across the surface
layer, are parameterized in simplified bulk form using bulk transfer coefficients that represent the
surface–atmosphere exchange (Oleson et al., 2008):

𝑆𝐻 = 𝜌𝑎𝑡𝑚𝑐𝑝𝐶𝑎ℎ𝑈 (𝜃𝑠 − 𝜃𝑎𝑡𝑚), (2.3)
𝐿𝐻 = 𝜌𝑎𝑡𝑚𝐿𝑣𝑎𝑝𝐶𝑎𝑤𝑈 (𝑞𝑠 − 𝑞𝑎𝑡𝑚), (2.4)
𝜏 = 𝜌𝑎𝑡𝑚𝐶𝑎𝑚𝑈

2. (2.5)

Here, 𝐶𝑎ℎ, 𝐶𝑎𝑤 , and 𝐶𝑎𝑚 represent the bulk transfer coefficients for sensible heat, latent heat, and
momentum exchange, respectively. 𝑆𝐻, 𝐿𝐻, and 𝜏 denote the sensible heat flux, latent heat flux, and
surface momentum flux, respectively. 𝜌𝑎𝑡𝑚 is the air density, 𝑐𝑝 is the specific heat capacity of air,
and 𝐿𝑣𝑎𝑝 is the latent heat of vaporization. 𝑈 is the near-surface wind speed; 𝜃𝑠 and 𝜃𝑎𝑡𝑚 denote
the potential temperatures at the surface and at the lowest atmospheric model level, respectively;
𝑞𝑠 and 𝑞𝑎𝑡𝑚 denote the corresponding specific humidity. The coefficients are corrected using the
Exner function for height differences and then passed to COSMO to update near-surface temperature,
humidity, and wind tendencies in the lowest model levels. Through this coupling pathway, land
surface fluxes enter the atmospheric water and energy budgets (Eqs. 2.1 and 2.2) as lower-boundary
forcing. The turbulent heat fluxes 𝑆𝐻 and 𝐿𝐻 modify near-surface temperature and humidity in the
lowest model layers, while evapotranspiration supplies moisture to the boundary-layer and contributes
to the sub-cloud moisture budget. This lower-boundary pathway is particularly relevant for the present
thesis because Chapter 3 examines how evapotranspiration affects boundary-layer moisture and cloud-
related atmospheric responses. To highlight this link, the cloud base moisture budget represented in
the COSMO mass-flux convection framework (Tiedtke, 1989; Baldauf et al., 2011) is given as:{

𝑀𝑢 (𝑞𝑣𝑢 − 𝑞𝑣) + 𝑀𝑑 (𝑞𝑣𝑑 − 𝑞𝑣)
}
𝑧𝑏

= −
∫ 𝑧𝑏

𝑧𝑠

(
𝜌v · ∇𝑞𝑣 + 𝜕𝐹𝑞𝑣

𝜕𝑧
− 𝑃𝑟

)
𝑑𝑧. (2.6)

The left-hand side represents the net vertical moisture transport across the cloud base 𝑧𝑏 by con-
vective updrafts and downdrafts, where 𝑀𝑢 and 𝑀𝑑 denote the updraft and downdraft mass fluxes,
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respectively. 𝑞𝑣𝑢, 𝑞𝑣
𝑑
, and 𝑞𝑣 are the specific humidity of the updraft, downdraft, and environmental air

at cloud base. The right-hand side represents the vertically integrated sub-cloud moisture tendencies
between the surface 𝑧𝑠 and the cloud base 𝑧𝑏. Here, 𝜌 denotes air density, v is the horizontal wind
vector, and 𝜌v · ∇𝑞𝑣 represents large-scale horizontal moisture advection. 𝐹𝑞𝑣 denotes the vertical
turbulent moisture flux, such that 𝜕𝐹𝑞𝑣/𝜕𝑧 describes turbulent redistribution within the sub-cloud
layer. 𝑃𝑟 represents the effective moisture sink associated with precipitation formation above the
cloud base, with its influence on the sub-cloud layer arising from precipitation-driven downdrafts and
convective mass fluxes. This relation is not a prognostic equation for the full atmospheric column.
Instead, it represents a cloud base moisture budget closure that links convective mass fluxes to the
vertically integrated sub-cloud moisture budget.
Within this framework, evapotranspiration supplies moisture to the sub-cloud layer and is mixed
upward by boundary-layer turbulence. Shallow convection is therefore sensitive to surface moisture
supply, whereas penetrative convection depends more strongly on large-scale moisture convergence.
This provides a physically consistent pathway linking evapotranspiration, boundary-layer moisture,
and cloud processes (Santanello et al., 2018; Seneviratne et al., 2010). In this formulation, surface
evapotranspiration modifies boundary-layer moisture and convective mass fluxes through the sub-
cloud moisture budget.

2.2.2.2 Land surface water–energy balances

The surface fluxes involved in this feedback are also determined by the land surface energy and water
balance equations in the coupled land–atmosphere system (Oleson et al., 2008). Surface turbulent heat
and moisture fluxes enter the atmospheric budgets through lower-boundary flux divergence, whereas
precipitation represents the column-integrated outcome of condensation and provides the downward
mass flux to the land surface. In the fully coupled system, the turbulent fluxes (sensible and latent
heat flux) are computed by the land component and supplied to the atmosphere, while precipitation is
generated within the atmospheric model and supplied to the land surface. Accordingly, precipitation
appears as a sink in the atmospheric moisture equation and as a source in the land water balance,
whereas evapotranspiration acts as a moisture source to the atmosphere and as a sink from the soil
column. This formulation ensures consistent mass and energy exchange across the land–atmosphere
interface. The land surface energy balance can be written as (Brutsaert, 1982):

𝑅𝑛 = 𝑆𝐻 + 𝐿𝐻 + 𝐺, (2.7)
where 𝑅𝑛 is net radiation, 𝑆𝐻 is sensible heat flux, 𝐿𝐻 is latent heat flux, and 𝐺 is ground heat flux.
Latent heat flux is expressed as

𝐿𝐻 = 𝐿𝑣𝐸𝑇, 𝐸𝑇 = 𝐸𝑇𝑐 + 𝐸𝑇𝑔, (2.8)
where 𝐿𝑣 is the latent heat of vaporization, 𝐸𝑇𝑐 includes canopy evaporation and plant transpiration,
and 𝐸𝑇𝑔 denotes soil evaporation. Transpiration depends on stomatal resistance, which is constrained
by soil moisture and pressure head supplied by ParFlow.
The water balance equation describes how precipitation inputs are balanced by evapotranspiration,
runoff, drainage, and changes in soil water storage (Brutsaert, 2005; Bonan, 2016). This equation
represents the column-integrated land surface water balance solved within CLM.
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𝑑𝑆

𝑑𝑡
= 𝑃 − 𝐸𝑇 − 𝑅𝑠 − 𝐷 (2.9)

Where:

• 𝑆 = Column-integrated soil water storage [mm]

• 𝑃 = Precipitation input to land surface [mm/day]

• 𝐸𝑇 = Evapotranspiration (evaporation + transpiration) [mm/day]

• 𝑅𝑠 = Surface runoff [mm/day]

• 𝐷 = Deep drainage or subsurface runoff [mm/day]

𝑃 acts as a sink in the atmospheric moisture budget and as a source term in the land surface
water balance, whereas 𝐸𝑇 supplies moisture to the atmosphere while removing water from the
soil column. Likewise, the sensible and latent heat flux connect the surface energy balance to
atmospheric thermodynamics. In combination with the atmospheric moisture and energy equations
presented above, these land surface balance equations define the terrestrial component of the coupled
water–energy system and maintain consistency of mass and energy fluxes across the land–atmosphere
interface (Oleson et al., 2008).

2.2.2.3 Fully coupled terrestrial system dynamics in TSMP

In TSMP (Shrestha et al., 2014; Gasper et al., 2014), the land surface balances described above
are further embedded within a fully integrated two–way coupling between CLM and ParFlow that
replaces the soil column formulation in CLM and links surface fluxes directly to three-dimensional
subsurface dynamics. Surface fluxes such as evapotranspiration, latent heat flux, and sensible heat
flux are determined by the coupled surface water and energy balance, while precipitation enters the
land surface water balance as an atmospheric input. ParFlow represents variably saturated subsurface
flow by solving the mixed-form Richards equation (Richards, 1931; Maxwell and Miller, 2005; Kollet
and Maxwell, 2006),

𝑆𝑠
𝜕𝜓

𝜕𝑡
+ 𝜕 (𝜙𝑆𝑤 (𝜓))

𝜕𝑡
= ∇ · q + 𝑞𝑠, (2.10)

with Darcy flux

q = −𝑘 (x) 𝑘𝑟 (𝜓)∇(𝜓 + 𝑧), (2.11)

where 𝜓 is the pressure head, 𝑧 is the elevation head (positive upward) such that the hydraulic head is
𝜓 + 𝑧, 𝑆𝑠 is the specific storage, 𝜙 is the porosity, 𝑆𝑤 is the water saturation, q is the Darcy flux, 𝑘 (x)
is the saturated hydraulic conductivity, 𝑘𝑟 is the relative permeability, and 𝑞𝑠 is a source or sink term
representing external volumetric inputs to the subsurface.
At the land surface, the exchange with CLM is imposed through boundary fluxes, where precipitation
provides the surface water input, while infiltration transfers water into the subsurface, and evapotran-
spiration acts as a sink that removes water from the soil column. Thus, 𝐸𝑇 appears effectively as a
sink in the subsurface mass balance.
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Surface runoff is simulated using a kinematic wave formulation that satisfies the shallow-water
continuity equation (Kollet and Maxwell, 2006),

𝜕𝜓𝑠

𝜕𝑡
+ ∇ · (v𝜓𝑠) = 𝑃 − 𝑞𝑔, (2.12)

where 𝜓𝑠 denotes surface ponding depth, 𝑞𝑔 is the infiltration flux into the subsurface (positive
downward), representing the upper boundary exchange term, and v is determined from Manning’s
relationship. Soil moisture and pressure head computed by ParFlow are passed to CLM at each
time step, where they regulate plant water availability and stomatal resistance (Shrestha et al., 2014;
Gasper et al., 2014), and thereby influence evapotranspiration and latent heat flux in the surface
energy balance given in Eq. (2.7). Because subsurface moisture conditions influence both subsurface
mass balance and surface energy partitioning, groundwater dynamics can directly affect the surface
heat and moisture fluxes that link the land surface and the atmosphere.

2.2.2.4 Evapotranspiration regimes and land–atmosphere coupling

While TSMP provides a physically consistent framework to simulate the exchange of water and energy
fluxes across the subsurface, land surface, and atmosphere, the strength of land–atmosphere coupling
varies across regions and hydroclimatic conditions (Koster et al., 2004). In particular, the ability of
surface conditions to influence the atmosphere largely depends on how evapotranspiration responds
to soil moisture availability (Santanello et al., 2011). To conceptualize this regime dependence,
the Budyko framework (Khodayar Pardo and Paredes-Fortuny, 1974) provides a useful diagnostic
basis as shown in Figure 2.1. In land–atmosphere studies, it is commonly interpreted through the
relationship between evaporative fraction (𝐸𝐹) and soil moisture conditions (Seneviratne et al., 2010;
Teuling et al., 2010). Here, 𝐸𝐹 is defined as the ratio of latent heat flux to the sum of latent and
sensible heat fluxes,

(
𝐿𝐻

𝑆𝐻+𝐿𝐻
)
. Variations in soil moisture influence the partitioning of available

energy between sensible and latent heat fluxes, and thus determine whether evapotranspiration is
under water-limited, energy-limited, or transitional.
In this framework, two primary regimes are defined:

• Water-limited regime: When soil moisture becomes scarce, evapotranspiration is constrained
by water availability. In this regime, evapotranspiration responds strongly to soil moisture
variability.

• Energy-limited regime: When soil moisture is abundant, evapotranspiration is limited by
the available energy. In this regime, changes in soil moisture do not significantly affect
evapotranspiration.

These regimes are further constrained by two critical thresholds: the critical soil moisture threshold,
𝜃CRIT, above which evapotranspiration is only weakly sensitive to further increases in soil moisture,
and the wilting point, 𝜃WILT, below which plant water uptake becomes strongly restricted. These
thresholds delineate three functional soil-moisture zones: wet, transitional, and dry. Based on these
thresholds, three corresponding soil moisture zones can be defined:
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Figure 2.1: Conceptual schematic of evapotranspiration regimes as a function of soil moisture, based
on the hydroclimatic framework of Khodayar Pardo and Paredes-Fortuny (1974). The partitioning
between sensible heat (𝑆𝐻) and latent heat (𝐿𝐻) fluxes defines the evaporative fraction 𝐸𝐹 =

𝐿𝐻/(𝐿𝐻 + 𝑆𝐻), where 𝐸𝐹max denotes its maximum value. The wilting point and the critical soil
moisture (𝑆𝑀) threshold separate the arid (water-limited), transitional, and humid (energy-limited)
regimes. Within the transitional regime, perturbations in soil moisture modify the partitioning
between SH and LH, leading to opposite responses in the two fluxes (Δ𝑆𝐻 and Δ𝐿𝐻). The arrows
indicate the direction of the flux responses, representing positive and negative responses of SH and LH
to soil moisture variability across the transition regime. The curve below represents the variation of
land–atmosphere coupling strength, which peaks in the transitional regime where evapotranspiration
is most sensitive to soil moisture variability, and weakens toward both dry and wet limits. Adapted
from Seneviratne et al. (2010).
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• Wet zone (𝜃 > 𝜃CRIT): evapotranspiration is energy-limited and insensitive to soil moisture,
resulting in a weak land–atmosphere coupling.

• Transitional zone (𝜃WILT ≤ 𝜃 ≤ 𝜃CRIT): evapotranspiration is strongly sensitive to soil mois-
ture. Small changes in soil moisture can substantially alter surface energy partitioning and
sensible heat flux, thereby directly affecting near-surface temperature, boundary-layer growth,
convection triggering, and precipitation. This zone represents the hotspot of land–atmosphere
coupling most relevant for extreme events such as heatwaves and droughts.

• Dry zone (𝜃 < 𝜃WILT): evapotranspiration is strongly suppressed because soil water is unavail-
able for plant uptake, again resulting in suppressed land–atmosphere coupling.

The schematic in Fig. 2.1 also shows that the strength of land–atmosphere coupling varies nonlinearly
with soil moisture conditions (Hsu and Dirmeyer, 2021, 2022). Under very dry conditions, evapo-
transpiration and the associated latent heat flux are strongly constrained by soil water availability, such
that further soil moisture depletion produces only limited additional reductions in ET, while increases
in soil moisture can restore evapotranspiration. Under very wet conditions, evapotranspiration is
controlled primarily by available energy and is therefore largely insensitive to further increases in soil
moisture. The strongest land–atmosphere coupling strength therefore occurs within the transitional
soil moisture zone, where evapotranspiration responds most sensitively to soil moisture variability
and small perturbations in soil moisture substantially modify the partitioning between sensible and
latent heat fluxes (Materia et al., 2022; Berg and Sheffield, 2018).
This framework provides a physical basis for diagnosing the strength and variability of soil moisture–
evapotranspiration coupling under different soil moisture conditions. Budyko-type frameworks have
been widely used in both observational and modeling studies to examine how land–atmosphere
coupling varies across evapotranspiration regimes and to identify coupling hotspots (Koster et al.,
2004; Seneviratne et al., 2006; Teuling et al., 2010). However, the Budyko framework has important
limitations: it provides only a static conceptual description of evapotranspiration regimes, cannot
explicitly represent fine-scale spatial heterogeneity or short-term variability, and simplifies several
key processes such as radiation partitioning, boundary-layer dynamics, and vegetation controls (Gan
et al., 2021). It does not explicitly represent how land–atmosphere coupling evolves as soil moisture
shifts between dry, transitional, and wet regimes. These limitations call for diagnostic methods
that can track changes in land–atmosphere coupling and identify the direction of influence between
variables.

2.3 Diagnosis of land–atmosphere coupling

2.3.1 Classic methods to diagnose land–atmosphere coupling

Numerical modeling experiments provide a controlled framework to assess the sensitivity and pre-
dictability of atmospheric processes to land surface conditions. A classical approach is to use
sensitivity experiments (e.g., Shukla and Mintz (1982)), in which land variables such as soil mois-
ture or evapotranspiration are perturbed to evaluate their influence on atmospheric variables (e.g.,
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temperature, precipitation). The sensitivity can be approximated as

𝑑𝐵

𝑑𝐴
≈ Δ𝐵

Δ𝐴
, (2.13)

where 𝐴 denotes the perturbed land surface variable (e.g., soil moisture or evapotranspiration), and
𝐵 represents the atmospheric response variable of interest (e.g., temperature, specific humidity, or
precipitation). Then Δ𝐵 = 𝐵SENS − 𝐵CTL is the mean difference between the sensitivity (SENS) and
control (CTL) simulations. Despite ignoring the nonlinearity, this formulation provides a first-order
estimate of the atmospheric response to land perturbations and a baseline for following model-based
diagnostics.
Based on this concept, the Global Land–Atmosphere Coupling Experiment (GLACE; Koster et al.,
2002, 2004; Seneviratne et al., 2006) established a standardized framework to quantify how land
surface variability drives atmospheric variability. Two ensembles of simulations are compared: a
control (CTL) experiment with freely evolving land variables and a sensitivity (SENS) experiment
in which the temporal variability of 𝐴 is suppressed by prescribing its climatological mean. The
resulting reduction in atmospheric variance provides a measure of the fraction of variability in 𝐵 that
can be attributed to land processes:

fraction of 𝜎2
𝐵 explained by 𝜎2

𝐴 =
(𝜎CTL

𝐵
)2 − (𝜎SENS

𝐵
)2

(𝜎CTL
𝐵

)2
. (2.14)

where 𝜎2
𝐵

denotes the variance of the atmospheric variable 𝐵 (e.g., temperature or precipitation), and
𝜎CTL
𝐵

and 𝜎SENS
𝐵

are computed from the control and sensitivity ensembles, respectively. To further
evaluate ensemble coherence and potential predictability, GLACE introduced theΩ diagnostic (Koster
et al., 2004):

Ω𝐵 =
𝑁 · 𝜎2

𝐵̂
− 𝜎2

𝐵

(𝑁 − 1)𝜎2
𝐵

, with 𝐵̂(𝑡) = 1
𝑁

𝑁∑︁
𝑖=1

𝐵𝑖 (𝑡), (2.15)

where 𝐵𝑖 (𝑡) is the value of 𝐵 in ensemble member 𝑖 at time 𝑡, 𝑁 is the number of ensemble members,
𝐵̂(𝑡) is the ensemble-mean time series,𝜎2

𝐵̂
is the variance of this ensemble mean, and𝜎2

𝐵
is the variance

of 𝐵 pooled across all members and times. The corresponding gain in potential predictability due to
land coupling is then measured as ΔΩ = Ω

(S)
𝐵

− Ω
(W)
𝐵

, where superscripts (S) and (W) refer to the
strong- and weak-coupling experiments, respectively.
Because the CTL and SENS experiments differ only in their prescribed land surface conditions, this
framework enables controlled attribution of atmospheric responses to imposed land-surface changes
within a numerical model setting: changes in atmospheric variance or ensemble coherence can be
isolated as responses to the imposed differences in land forcing (Koster et al., 2006; Dirmeyer et al.,
2013). However, such causal attribution remains a system-level diagnosis, quantifying the aggregated
influence of land surface variability on atmospheric variance and predictability without resolving
the individual physical pathways or intermediate processes responsible for the response (Santanello
et al., 2018). While these methods provide a consistent framework for cross-model evaluation, they
are computationally demanding and cannot be directly applied to observational data. Moreover, they
are generally limited to detecting land–atmosphere coupling strength on timescales longer than about
five days (Findell et al., 2024).
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Process-level approaches have been developed as general diagnostic tools that can be applied to both
observational data and model output to investigate land–atmosphere coupling across a wide range
of timescales. These methods fit empirical relationships between key thermodynamic or radiative
variables, such as temperature versus evaporative fraction, or evaporation versus incoming shortwave
radiation, to reveal systematic coupling patterns across regimes (Betts et al., 2004, 2015; Jaeger
and Seneviratne, 2011; Santanello et al., 2009). Among them, thermodynamic mixing diagrams,
first introduced by Santanello et al. (2009) and advanced through the Local Land–Atmosphere
Coupling initiative, represent the daytime coevolution of near-surface potential temperature (𝜃) and
specific humidity (𝑞), reflecting the joint influence of surface fluxes and atmospheric entrainment.
The slope of the 𝜃–𝑞 trajectory indicates the relative contributions of heating, evaporation, and
entrainment. This approach relies on observations of surface fluxes, thermodynamic variables, and
PBL height, which have become increasingly available through modern remote sensing observing
systems (Wulfmeyer et al., 2018; Bonin et al., 2017). Additional quantities, such as the Bowen
ratio and lifting condensation level, can be derived from the same variables to evaluate surface and
atmospheric processes. Compared to correlation-based metrics, mixing diagrams provide a more
mechanistic view of land–atmosphere coupling but require richer datasets and careful interpretation.

To diagnose the atmospheric leg of land–atmosphere coupling and the role of preconditioning of
convection, Findell and Eltahir (2003) proposed the convective triggering potential (CTP) and low-
level humidity index (HIlow) framework. CTP quantifies lower-tropospheric stability, while HIlow
measures near-surface humidity deficits. Together they distinguish land-driven (high CTP-low HIlow)
from atmosphere-driven (low CTP-high HIlow) convective regimes. The framework has been widely
applied with radiosonde and satellite data (Ferguson et al., 2012; Roundy et al., 2017), offering
a practical means to separate surface and atmospheric controls. Modeling studies further show
that land surface effects on convection and regime classification are sensitive to both land cover
and background climate conditions: Jach et al. (2020) found that replacing forests with grasslands
increased land surface-driven convection by 10–20% in summer, while Jach et al. (2022) showed
that warming and moistening perturbations can shift regime classifications. These results underscore
the dependence of coupling strength on atmospheric conditions, especially over Central Europe.
However, the CTP-HIlow framework remains primarily a diagnostic tool for convective initiation
rather than a quantitative measure of land–atmosphere coupling strength.

Correlation-based metrics provide a more practical way to assess land–atmosphere coupling using
both modeling outputs and observations, especially in contexts where the underlying physical links
are well understood from theory or model experiments. A widely used example is the correlation
between evapotranspiration and near-surface temperature, denoted as 𝜌(𝐸𝑇,𝑇). This metric has been
shown to effectively characterize soil moisture to near-surface temperature coupling across multiple
timescales by calculating the Pearson correlation coefficient (Seneviratne et al., 2006; Jaeger and
Seneviratne, 2011). Lagged correlation has also been employed to investigate soil moisture to
precipitation coupling (Findell and Eltahir, 1997; Notaro, 2008), but due to the dominant influence
of precipitation on soil moisture, lag correlations may reflect autocorrelation rather than true land–
atmosphere feedback (Salvucci et al., 2002; Wei et al., 2008). While these metrics are easy to
implement and interpret, they may misrepresent coupling strength when a variable exhibits limited
variability or when the relationship between variables is weak or nonlinear.
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Two-legged coupling metric (𝐼𝜙) was further proposed to solve this issue. It quantifies land–
atmosphere coupling along both the terrestrial and atmospheric legs of the coupling pathway (Guo
et al., 2006; Dirmeyer, 2011, 2013). For the terrestrial leg, metrics typically quantify the sensitivity
of surface fluxes (e.g., latent heat flux, 𝐸𝐹) to soil moisture using a combination of correlation and
linear regression methods:

𝐼𝜙 =

���� 𝑑𝜙

𝑑SM

���� · 𝜎(SM), (2.16)

where 𝜙 denotes the surface flux variable and 𝜎(SM) is the standard deviation of soil moisture.
This index captures both the degree to which surface fluxes respond to changes in soil moisture and
the magnitude of typical soil moisture variations. Similarly, the atmospheric leg of the coupling
chain can be assessed by replacing soil moisture with surface fluxes and evaluating their influence
on atmospheric variables such as boundary-layer height, temperature, or humidity. When terrestrial
and atmospheric indices are combined, they form a ’two-legged’ diagnostic framework, which can
track a complete pathway of land–atmosphere coupling from soil moisture, through surface fluxes, to
atmospheric dynamics.
Another correlation-based metric for evaluating soil moisture–temperature coupling was proposed by
Miralles et al. (2012) to detect the influence of soil moisture constraints during heat events. Unlike
traditional 𝜌(𝐸𝑇,𝑇) metrics, this approach incorporates process-based understanding of the surface
energy balance to interpret the calculated correlation coefficients. The first metric, Π, quantifies the
climatological coupling strength by comparing the correlation between temperature and the sensible
heat flux with that between temperature and a hypothetical sensible heat flux (𝐻𝑝). The latter
represents the sensible heat flux expected in the absence of soil moisture limitation and is derived
from the surface energy balance by assuming potential evapotranspiration:

Π = 𝑟 (𝐻,𝑇) − 𝑟 (𝐻𝑝, 𝑇), (2.17)

where 𝐻 = 𝑅𝑛 − 𝜆𝐸𝑇 and 𝐻𝑝 = 𝑅𝑛 − 𝜆𝐸𝑇𝑝, with 𝑅𝑛 denoting net radiation, 𝜆 the latent heat of
vaporization, and 𝐸𝑇 and 𝐸𝑇𝑝 the actual and potential evaporation, respectively. Positive values
of Π indicate regions where accounting for soil moisture limitations improves the explanation of
temperature variability, thus suggesting strong coupling. To assess short-term coupling during
extreme events such as heatwaves, the authors introduced a daily coupling index 𝜋, formulated as:

𝜋 = (𝐻′ − 𝐻′
𝑝) · 𝑇 ′, (2.18)

where 𝐻′, 𝐻′
𝑝, and 𝑇 ′ represent standardized daily anomalies, obtained by subtracting the climato-

logical mean and dividing by the climatological standard deviation. The term 𝐻′ − 𝐻′
𝑝 reflects the

energy anomaly induced by soil moisture deficit, while 𝑇 ′ represents the corresponding temperature
anomaly. High values of 𝜋 occur when both anomalies are aligned, indicating that limited evaporative
cooling contributes to extreme heat. The long-term metric Π is useful for identifying climatological
coupling hotspots, while the event-scale metric 𝜋 provides insight into the role of soil moisture during
specific heatwave periods.
However, correlation-based methods suffer from a fundamental limitation that correlation does not
imply causality (Docquier et al., 2024). A strong statistical link between soil moisture and temperature
(or precipitation) may arise from common external drivers, such as solar radiation or large-scale
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circulation patterns, rather than a direct land influence. These confounding influences can induce
spurious correlations between variables, making it difficult to isolate the direct effect of land surface
variability on atmospheric states (Pearl, 2009). Moreover, correlation cannot resolve the direction of
influence between variables. Without prior knowledge of the causal structure, it is therefore impossible
to distinguish whether the relationship reflects land control on atmosphere dynamics, atmospheric
control on land states, or a bidirectional interaction between the two components (Runge et al., 2019).
Furthermore, many of these metrics assume approximately linear relationships and therefore cannot
capture the nonlinear responses and threshold behavior often found in land–atmosphere coupling
(Hsu and Dirmeyer, 2021).

2.3.2 From causal inference to information theory in climate science

Most hydro-meteorological research questions, such as how land surface anomalies influence atmo-
spheric responses, are inherently causal in nature (Yadav et al., 2025). As defined in Section 2.2.1,
causality concerns whether variations in one variable exert a directional influence on the evolution
of another that cannot be explained by common drivers or confounding factors. This contrasts with
correlation, which merely reflects co-variation without implying direction or mechanism. To over-
come the limitations of correlation-based metrics, recent studies in climate science have increasingly
adopted causal inference frameworks (Runge et al., 2023) to explicitly test for cause and effect rela-
tionships under a set of well-defined assumptions. This is particularly important for land–atmosphere
coupling, where variables like soil moisture, temperature, and precipitation interact through nonlinear
and bidirectional feedbacks. As Runge et al. (2023) emphasizes, correlation alone cannot distinguish
whether soil moisture anomalies actively influence precipitation or whether both are driven by a com-
mon external factor such as radiation or circulation. Causal methods can address these limitations by
disentangling direct and indirect pathways, identifying causal direction, and quantifying the strength
of directional influence across varying background conditions (Runge et al., 2019).
Four major methods are commonly used in climate studies: Granger causality, graph-based algo-
rithms, Convergent Cross Mapping (CCM), and information theory methods (Ombadi et al., 2020).
Granger causality (Granger, 1969) tests whether past values of one variable improve the prediction
of another via autoregressive models, and has been applied in soil moisture–precipitation coupling
studies (e.g., Tuttle and Salvucci (2016)). To address its limitations, particularly the linearity assump-
tion and high-dimensional constraints, nonlinear extensions using machine learning (e.g., random
forest-based Granger causality; Papagiannopoulou et al. (2017)) have been proposed. Graph-based
approaches such as the PC algorithm (Spirtes and Glymour, 1991) or PCMCI infer causal graphs from
observational data via conditional independence tests. These methods account for temporal dependen-
cies and autocorrelation, making them suitable for high-dimensional climate data. PCMCI has been
used to identify biosphere-atmosphere interactions and track ecosystem responses to meteorological
shifts (Runge, 2018; Krich et al., 2020, 2021). Meanwhile, Convergent Cross Mapping (Sugihara
et al. (2012b)), based on Takens’ theorem (Takens, 2006), infers causality within nonlinear dynamical
systems by reconstructing the state of one variable from the time series of another. It effectively
captures bidirectional and lagged causal links, and has revealed shifts in soil moisture–precipitation
feedbacks across dry and wet regimes (Wang et al., 2018).
Based on Shannon entropy (Shannon, 1948), the information (or self-information) associated with
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the occurrence of an event 𝑥 is defined as

𝐼 (𝑥) = − log 𝑝(𝑥), (2.19)

where 𝑝(𝑥) denotes the probability of 𝑥. The entropy of a random variable 𝑋 is then defined as the
expectation of this quantity over its probability distribution:

𝐻 (𝑋) = −
∫

𝑝(𝑥) log 𝑝(𝑥) 𝑑𝑥, (2.20)

for a continuous variable (or 𝐻 (𝑋) = −∑
𝑥 𝑝(𝑥) log 𝑝(𝑥) in the discrete case). Within this frame-

work, information theory methods such as mutual information (MI) and transfer entropy (TE) have
been widely applied in causal analysis to quantify uncertainty reduction and directional dependence
between variables in coupled dynamical systems (Kumar and Ruddell, 2010; Ruddell and Kumar,
2009b,a; Goodwell and Kumar, 2017a). MI is a symmetric measure of statistical dependence be-
tween two variables, quantifying the reduction in uncertainty of one variable given knowledge of the
other, that is, the mutual information between them. TE extends this concept to dynamical systems
and can be interpreted as a conditional and lagged mutual information that measures the directed
information flowing from the past states of X to the future states of Y, conditioned on the past states
of Y. If the data satisfy Gaussian assumptions, transfer entropy reduces to Granger causality. Ruddell
and Kumar (2009b,a) and (Kumar and Ruddell, 2010), for the first time, developed an information
theory-based processing network to represent the ecosystem dynamics at a single location based on
FLUXNET data. By calculating transfer entropy between ecosystem variables, they quantified the
strength of directional coupling and characterized nonlinear interactions within the system. They
argued that directional influence pathways in complex systems can be represented as networks of
information exchange between variables. Their proposed framework successfully captured nonlinear
transitions in ecosystem states, such as shifts between healthy and drought conditions across multiple
time scales. Moreover, Goodwell and Kumar (2017a,b) introduced an information decomposition
framework to isolate different types of joint dependencies and their respective contributions to the
coupling relationships within a dynamic network. Based on the partial information decomposition
framework originally proposed by Williams and Beer (2010), they decomposed total transfer entropy
into unique, redundant, and synergistic components, thereby providing a more detailed characteriza-
tion of multivariate information structure. Subsequent applications of information theory approaches
have further demonstrated their application in causal inference across various scientific domains,
including ocean ecosystems and sea surface temperature teleconnections (Li and Convertino, 2021;
Hlinka et al., 2013). However, these methods generally rely on probability-density estimation and do
not directly provide a dynamical entropy-rate interpretation of the directional influence.
Recently, Liang (2014) derived a rigorous definition of information flow, named the Liang–Kleeman
(L–K) information flow, by decomposing the entropy rate of a stochastic dynamical system into
variable-specific contributions, such that the entropy-rate contribution from one variable to another
provides a quantitative measure of causal influence. Unlike mutual information or transfer entropy,
which are defined through empirical estimation of conditional probability distributions, the L–K
information flow rate is obtained analytically from the governing equations of a continuous-time
Markov diffusion process. Specifically, the system is assumed to evolve as a Markovian stochastic
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dynamical system described by the following stochastic differential equation:

𝑑X = F(X; 𝜃) 𝑑𝑡 + B(X; 𝜃) 𝑑W, (2.21)

where X is the state vector (e.g., temperature, soil moisture, or pressure), F(X; 𝜃) represents the
deterministic drift term, B(X; 𝜃) is the diffusion matrix characterizing stochastic influences, 𝑑W
denotes the increment of a Wiener process, and 𝜃 is a set of system parameters.
Under this formulation, the evolution of the joint probability density function is governed by the
corresponding Fokker–Planck equation. The L–K information flow framework begins with the
definition of Shannon entropy. The marginal entropy of variable 𝑋1 is defined as

𝐻 (𝑋1) = −
∫

𝑝(𝑥1) log 𝑝(𝑥1) 𝑑𝑥1, (2.22)

where 𝑝(𝑥1) is the marginal probability density function of 𝑋1, which acts as a weighting function
in the entropy integral, such that 𝐻 (𝑋1) represents the expected information content − log 𝑝(𝑥1)
averaged over 𝑋1.
Taking the time derivative of Eq. (2.22) yields

𝑑𝐻 (𝑋1)
𝑑𝑡

= −
∫

𝜕𝑝(𝑥1)
𝜕𝑡

log 𝑝(𝑥1) 𝑑𝑥1, (2.23)

where the conservation of probability, ∫
𝜕𝑝(𝑥1)
𝜕𝑡

𝑑𝑥1 = 0,

has been used to simplify the expression.
The temporal evolution of the joint probability density 𝑝(𝑥1, 𝑥2, . . .) is governed by the Fokker–Planck
equation associated with Eq. (2.21) (Risken, 1996). Integrating the joint Fokker–Planck equation over
all variables except 𝑥1 yields the marginal Fokker–Planck equation:

𝜕𝑝(𝑥1)
𝜕𝑡

= − 𝜕

𝜕𝑥1
(⟨𝐹1 | 𝑥1⟩ 𝑝(𝑥1)) +

1
2
𝜕2

𝜕𝑥2
1

(
⟨𝐵2

1 | 𝑥1⟩ 𝑝(𝑥1)
)
, (2.24)

where ⟨𝐹1 | 𝑥1⟩ and ⟨𝐵2
1 | 𝑥1⟩ denote the first and second conditional moments of the stochastic

increment of 𝑋1, respectively. Specifically, they correspond to the drift and diffusion coefficients
defined through the Kramers–Moyal (Risken, 1996) expansion,

⟨𝐹1 | 𝑥1⟩ = lim
Δ𝑡→0

1
Δ𝑡

E[Δ𝑋1 | 𝑋1 = 𝑥1] ,

⟨𝐵2
1 | 𝑥1⟩ = lim

Δ𝑡→0

1
Δ𝑡

E
[
(Δ𝑋1)2 | 𝑋1 = 𝑥1

]
.

Substituting Eq. (2.24) into Eq. (2.23) and integrating by parts under vanishing boundary conditions
yields the entropy rate of 𝑋1:

𝑑𝐻 (𝑋1)
𝑑𝑡

= E
[
𝜕𝐹1
𝜕𝑥1

]
+ 1

2
E

[
𝜕2𝐵2

1

𝜕𝑥2
1

]
, (2.25)
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where E[·] denotes expectation with respect to the joint probability distribution. The first term
represents the deterministic contribution arising from the drift dynamics, while the second term
captures the stochastic contribution due to diffusion.
Given a two-variable dynamic system, Liang (2008, 2014) defines the L–K information flow rate
from 𝑋2 to 𝑋1 as:

𝑇𝑋2→𝑋1 =
𝑑𝐻 (𝑋1)

𝑑𝑡
− 𝑑𝐻 (𝑋1)∗

𝑑𝑡
, (2.26)

where 𝑑𝐻 (𝑋1 )
𝑑𝑡

is the entropy rate of 𝑋1 in the full system, and 𝑑𝐻 (𝑋1 )∗
𝑑𝑡

is the hypothetical entropy
rate when the influence of 𝑋2 is removed. This surrogate entropy rate is computed by replacing
𝐹1(𝑥1, 𝑥2) with its conditional expectation ⟨𝐹1 |𝑥1⟩, effectively marginalizing out the dependence on
𝑋2. Therefore, by substituting Eq. (2.25) into Eq. (2.26), the information flow rate from 𝑋2 to 𝑋1
can be estimated as:

𝑇𝑋2→𝑋1 = E
[

1
𝑝(𝑥1)

𝜕

𝜕𝑥1

(∫
𝐹1(𝑥1, 𝑥2) 𝑝(𝑥1, 𝑥2) 𝑑𝑥2

)]
− E

[
𝜕𝐹1(𝑥1)
𝜕𝑥1

]
. (2.27)

Under the assumption of linear dynamics and constant diffusion, (2.27) can be simplified to a closed-
form expression represented by covariances:

𝑇𝑋2→𝑋1 =
1
𝜎2
𝑋1

(
Cov(𝑋2, ¤𝑋1) −

Cov(𝑋1, 𝑋2) Cov(𝑋1, ¤𝑋1)
𝜎2
𝑋1

)
, (2.28)

where ¤𝑋1 =
𝑑𝑋1
𝑑𝑡

, and 𝜎2
𝑋1

= Var(𝑋1).
Under linear stochastic dynamics with constant diffusion, Eq. (2.27) reduces to the covariance form
shown above, while preserving the interpretation of information flow rate as the entropy-rate contri-
bution of 𝑋2 to the entropy rate of 𝑋1. The direction of influence is specified by 𝑋2 → 𝑋1, whereas
the sign of 𝑇𝑋2→𝑋1 indicates whether the entropy-rate contribution of 𝑋2 to 𝑋1 is positive or negative
within the L–K framework, rather than indicating a positive or negative feedback in the physical
sense. In the original L–K formulation, the directed information flow rate is denoted by 𝑇𝑋2→𝑋1 . In
the following chapters of this thesis, the same quantity is denoted by 𝐼𝐹𝑋2→𝑋1 for consistency with
the notation used in the specific applications in Chapter 4 and 5.
An important advantage of the L–K information flow framework is its physical interpretability (Liang,
2013). The information flow is estimated as a continuous rate (e.g., in nats per unit time), which
directly reflects how fast the entropy of one variable changes due to another. Unlike transfer entropy,
which typically requires estimation of high-dimensional conditional probability distributions and
careful selection of embedding parameters, the covariance-based formulation of the L–K information
flow framework is computationally efficient and robust under short or noisy time series (Hagan et al.,
2019). Moreover, the multivariate extension of the framework enables the estimation of conditional
information flow rate within a unified system, thereby quantifying the directional influence between
variables while conditioning on the additional state variables and reducing spurious direct links arising
from shared drivers (Liang, 2021; Hagan et al., 2022). The time-varying extension further allows
directional influence to be estimated as a continuous time series at high temporal resolution, making it
possible to track how coupling changes during transient events and across evolving background states
(Hagan et al., 2019; Zhou et al., 2024). These properties make the method particularly suitable for
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analyzing complex geophysical interactions such as land–atmosphere coupling relationships, where
multiple interacting processes operate simultaneously, observational records are often noisy and
limited in length, and certain state variables may act as confounders, thereby inducing spurious causal
relationships between other components.
The L–K information flow framework has been successfully applied to study the teleconnection
between El Nino and the Indian Ocean dipole, the cause-and-effect relationship between Arctic sea
ice and its drivers, and the dependence between snow cover and surface temperature (Liang, 2014;
Docquier et al., 2022; Takaya et al., 2024). Moreover, Docquier et al. (2023) argued that the L–K
information flow framework has comparable performance to the graph-based method, PCMCI, on
causality detection when tested on both artificial models and climate data. Further developments
have addressed the original stationary and bivariate assumptions of the L–K information flow frame-
work. Hagan et al. (2019) extended the method to address non-stationary causal relationships by
combining the framework with a Kalman filter to represent the time-dependent variations of the
directional coupling strength between soil moisture and temperature, while Liang (2021) developed
the multivariate formulation of L–K information flow framework to estimate causal relationships
between two time series while conditioning on one or more additional variables, which is closer to
the behavior in a real climate system. Zhou et al. (2024) further combined these two extensions
to estimate the time-dependent causal relationships between soil moisture, vapor pressure deficit,
and gross primary productivity within a multivariate system, thereby reducing spurious relationships
arising from confounders.
Table 2.1 summarizes the land–atmosphere coupling methods introduced in Section 2.3, highlighting
differences in the types of relationships they capture, the spatial and temporal scales at which they are
applied, and their main strengths and limitations. In this table, the column ‘Causal direction’ indicates
whether a method can explicitly diagnose directed influence between variables, where ‘Partial’ denotes
limited directional or pathway-specific interpretability without formal causal inference. The column
‘Quantitative analysis’ indicates whether a method yields an explicit numerical diagnostic, where
‘Yes’ denotes methods that provide a numerical metric and ‘No’ denotes methods that are primarily
qualitative or descriptive.
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Chapter 3

Summer Evapotranspiration-cloud
Feedbacks in Land–atmosphere

Interactions over Europe

3.1 Summary

Land–atmosphere feedbacks are important for understanding regional climate functioning. However,
the accurate quantification of feedback strength is challenging due to complex, nonlinear interactions
and varying background atmospheric conditions. In particular, the role of cloud water in the terrestrial
water cycle is often ignored or simplified in previous land–atmosphere feedback studies, which
overlook the relationship between evapotranspiration (𝐸𝑇) and cloud water (𝑇𝑄𝐶). This study
diagnoses the interactions between 𝐸𝑇 ,𝑇𝑄𝐶 and its dynamics (ΔTQC/Δt) under different atmospheric
conditions by conducting correlation and a novel scaling analysis, based on a coupled regional climate
model simulation. Contrasting correlation relationships between 𝐸𝑇 , 𝑇𝑄𝐶 and ΔTQC/Δt were
identified, indicating the positive feedback between 𝐸𝑇 and the dynamics in cloud water. Two types
of positive scaling relationships between 𝐸𝑇 andΔTQC/Δt were identified by K-means clustering. The
analysis shows a contrasting north-south distribution of the scaling relationship that is similar to the
spatial distribution of energy-limited and water-limited regimes, highlighting the role of 𝐸𝑇 regimes
in modulating the 𝐸𝑇-ΔTQC/Δt scaling relationships. Moreover, the feedback strength and scaling
relationship are affected by atmospheric moisture flux dynamics, providing remote moisture sources
and altering dry/wet conditions. Our results highlight the role of cloud water in the atmospheric part
of the land–atmosphere process chain and reveal the effect of different atmospheric conditions on
land–atmosphere interactions based on the new analysis framework.
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surface conditions (Dirmeyer et al. 2013a, b; Fischer et al. 
2007; Santanello et al. 2011, 2018; Seneviratne et al. 2010). 
Koster et al. 2004 demonstrated through ensemble global 
climate model (GCM) simulations that, on a global scale, 
SM  exerts a strong positive influence on Pr  in transitional 
zones between dry and wet climates during the boreal sum-
mer. In these regions, such as the central USA, Sahelian 
Africa, and South Asia, evapotranspiration (ET ) is both 
strong and highly sensitive to variations in SM . At a local 
scale, Findell and Eltahir 2003a, 2003b have explained the 
role of direct and indirect SM -Pr  coupling under wet-soil 
or dry-soil advantage regimes through the direct moisture 
cycle or the modification of the planetary boundary layer 
(PBL) stability to trigger convection, showing either posi-
tive (more precipitation over wet soils) or negative SM -Pr  
coupling (more precipitation over dry soils).

However, many studies have highlighted the local rel-
evance of large-scale atmospheric moisture flux dynamics 
(AMFD ), such as the low-level jet or large-scale mois-
ture transport, on SM -Pr  coupling by providing remote 

1  Introduction

The influence of land surface moisture fluxes accounts 
for a substantial fraction of the simulated changes in the 
atmospheric water cycle in climate projections (Taylor et 
al. 2012; Allan et al. 2020; Zhou et al. 2021). In particular, 
the feedback chain between soil moisture (SM ) and pre-
cipitation (Pr ) through land-atmosphere (L-A) interaction 
attracts much attention as it connects variable surface fluxes, 
planetary boundary layer processes, and the free atmosphere 
through the Local L-A Coupling (LoCo) process chain as 
a result of the surface flux sensitivity to changes in land 
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moisture sources and modifying local boundary layer pro-
cesses (Dominguez and Kumar 2008; Tao et al. 2019). 
Observational studies in the U.S. Southern Great Plains 
have shown that Pr  is more closely related to moisture flux 
convergence than local ET ; the daily atmospheric moisture 
balance is mainly dominated by large-scale atmospheric 
forcing, but the dependence can also vary under dry or 
wet conditions of both the land surface and the atmosphere 
(Phillips and Klein 2014; Tao et al. 2019). Welty and Zeng 
(2018) argue that the strength of the AMFD  can modulate 
the sign of L-A, such that a low morning soil moisture tends 
to intensify subsequent afternoon precipitation (a negative 
correlation) under conditions of low moisture dynamics, 
but can also be significantly reversed to a positive correla-
tion under strong dynamics in US Great Plains with more 
precipitation over a humid land surface. Ford et al. (2015) 
found that in the same region, low-level jets can reduce the 
stability of the lower troposphere and mask the influence of 
local moisture by advecting warm and moist air from a dis-
tance. Meanwhile, AMFD  can inhibit local L-A coupling 
by transporting clouds from the originating dry land surface 
to wetter patches (Chen et al. 2020). Su et al. (2014) argue 
that AMFD  plays an important role in the development 
of positive ET -Pr  feedback by increasing the efficiency 
of moisture conversion from local ET  provided by wet 
soils to Pr . On the global scale, Qing et al. 2023 found that 
the SM -ET -Pr  coupling chain contributes mostly to the 
post-drought Pr  in humid regions, while the contribution 
of moisture flux convergence on post-drought Pr  is much 
stronger in arid regions due to enhanced low-level flux 
convergence from drying soils. WhileAMFD  was also 
found to consistently inhibit the local L-A feedback in the 
Atlantic coast and Mediterranean regions (Jach et al. 2022; 
Schwitalla et al. 2023), a more comprehensive analysis of 
its effect in Europe is still lacking and requires datasets with 
higher horizontal resolution.

The control of SM  on Pr  depends on several inter-
related processes, with a terrestrial leg representing the 
feedback between land conditions and surface fluxes, and 
an atmospheric leg representing the feedback between sur-
face fluxes and atmospheric components (Dirmeyer 2011). 
Most attention in L-A coupling analysis has been paid to the 
relationship between SM  and ET  or Pr , while intermedi-
ate processes in the process chain, such as the feedbacks 
between land surface and cloud, are still elusive (Tesch et 
al. 2023; Wei and Dirmeyer 2012) and limited. As an impor-
tant temporal storage of atmospheric moisture, clouds play 
an important role in controlling the land surface processes, 
PBL  evolution, and atmospheric energy and water bud-
gets (Betts et al. 2015; Findell and Eltahir 2003a; Sedlar 
et al. 2022; Tian et al. 2022). The occurrence of clouds can 
directly alter the surface energy budget by solar radiation 

reflection and absorption, resulting in a redistribution of 
both sensible and latent heat fluxes at the surface, which can 
influence the diurnal evolution of the PBL on a daily times-
cale by reducing the PBL  height on cloudy days (Kotthaus 
and Grimmond 2018; Tao et al. 2019; Su et al. 2023). Ulti-
mately, this will contribute to the dynamics of atmospheric 
moisture and affect convection (Berg et al. 2015; Liu et al. 
2024). In addition, the influence of atmospheric conditions 
could also affect the local moisture flux coupling by provid-
ing remote moisture sources (Ford et al. 2015; Tao et al. 
2019). Nevertheless, most of the attempts to understand 
interactions between clouds and land surface fluxes are lim-
ited to field observations, like the Atmospheric Radiation 
Measurement facility observations in the US, or reanalysis 
datasets, such as ERA5, which is criticized for accurately 
representing the coupling between clouds and the land sur-
face (Su et al. 2024). Moreover, the role of cloud water as 
part of the terrestrial water cycle has often been ignored 
despite its contrasting role in affecting ET  and land surface 
processes via controlling either radiation or near-surface 
atmospheric humidity (Berg et al. 2017; Wang et al. 2024).

This study aims to diagnose the feedbacks between ET
, cloud water and cloud water dynamics under different 
atmospheric conditions to improve our understanding of 
L-A interaction by opening the black box of the feedbacks 
between L-A moisture fluxes. For this purpose, five atmo-
spheric regimes based on dry/wet atmospheric conditions 
and the strength of the AMFD  were derived based on a 
regional climate model simulation with the fully coupled 
Terrestrial System Modeling Platform (TSMP) over the 
EURO-CORDEX 12 km domain from 1979 to 2021, in a 
one-way dynamical downscaling of ERA5 reanalysis forc-
ing data. First, both correlation and scaling analyses quan-
tify the sign and magnitude of the relationships between 
ET  and cloud moisture dynamics. Second, the effect of 
different atmospheric conditions on cloud water dynamics 
is quantified. Finally, we try to answer two questions: what 
are the relationships between ET  with cloud moisture, and 
how are their feedbacks affected by different atmospheric 
conditions?

2  Methodology

In this section, we introduce the setup and configuration 
of the TSMP regional climate system model (RCSM) and 
the simulation dataset, the model physics related to the L-A 
analysis, the dataset preprocessing, and finally the statistical 
L-A interaction analysis methods.
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2.1  Simulation data and study area

This study used TSMP simulation results from 1979 to 
2021, driven by ERA5 reanalysis (Hersbach et al. 2020) in 
a one-way single nest dynamical downscaling setup with 
prescribed daily sea surface temperature. TSMP (Shrestha 
et al. 2014; Gasper et al. 2014) consists of the atmospheric 
model COSMO (COnsortium for Small Scale MOdelling) 
(Baldauf et al. 2011; Doms and Schattler, 2002), the land 
surface model CLM (National Center for Atmospheric 
Research Community Land Model) (Oleson et al. 2008), 
and the surface-subsurface hydrologic model ParFlow (Par-
allel Flow) (Jones and Woodward 2001; Kollet and Maxwell 
2006; Maxwell 2013), which are coupled via the OASIS3-
MCT2 (Ocean Atmosphere Sea Ice Soil) coupler (Valcke 
2013). The non-hydrostatic limited area numerical weather 
prediction model COSMO in a climate mode configura-
tion simulates the atmospheric processes within the TSMP. 
COSMO provides atmospheric variables such as radiation, 

near-surface temperature, pressure, specific humidity, wind 
and precipitation to CLM3.5. The one-dimensional land 
surface model CLM3.5 serves as the lower boundary for the 
atmospheric model COSMO, which simulates the energy 
balance of the land surface. It also provides the soil moisture 
sources and sinks for the surface and subsurface model Par-
Flow, a three-dimensional, variably saturated surface-sub-
surface flow code that simulates 3D groundwater dynamics. 
The time step for ParFlow and CLM3.5 is 900  s, while 
COSMO runs with a 60 s time step. Coupling between the 
component models is applied at 900 s frequency with aver-
aged values from COSMO, and the post-processed model 
output is 3-hourly or daily means. The TSMP simulation is 
an ERA5-driven follow-up to the ERA-Interim driven simu-
lation as detailed in Furusho-Percot et al. (2019; 2022). To 
work with the strongest signal of L-A interaction, the analy-
sis only considers the summer season (JJA), and daytime 
time values (6-21UTC) when ET  is most significant (Find-
ell et al. 2024; Phillips and Klein 2014; Tao et al. 2019). In 

Fig. 1  TSMP simulation EURO-CORDEX domain (EUR-11, about 
12 km spatial resolution, 424 × 412 grid elements) (red box) and PRU-
DENCE analysis regions (black boxes). BI: British Island; SC: Scandi-

navia; ME: Middle Europe; EA: East Europe; FR: France; AL: Alpine 
region; IP: Iberian Peninsula; MD: Mediterranean region
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kg)/s; Sau is autoconversion rate (kg/kg)/s; Sac  is accretion 
rate (kg/kg)/s.

At 12 km horizontal resolution, deep and shallow con-
vection are parametrized in the COSMO model based on 
the Tiedtke scheme (Tiedtke 1989). Compared to other 
convection schemes, for example, the Tiedtke-Bechtold 
scheme (Bechtold et al. 2008) used in the ICON model 
(Zängl et al. 2015), that has been established as the next-
generation model for operational weather forecasting, the 
Tiedtke scheme’s closure assumption is based on moisture 
convergence, while the Tiedtke-Bechtold scheme combines 
both moisture convergence and convective available poten-
tial energy (CAPE) as the closure assumption. In this study, 
given the focus is on the atmospheric moisture balance 
and its relationship with land surface moisture at 12  km 
resolution, it is reasonable to utilize the Tiedtke convection 
scheme in the COSMO model. In the Tiedtke scheme, the 
shallow convection parameterization is activated when the 
moisture supply to cumulus clouds is mainly driven by the 
vertical fluxes (surface ET ), whereas penetrative deep con-
vection often occurs with large-scale moisture convergence. 
This also emphasizes the potential role of atmospheric con-
ditions in changing the relationship between ET  and cloud 
water, and the importance of diagnosing the individual con-
tribution of local or remote moisture sources to the cloud 
formation process. Therefore, in this study, we choose 
simulated ET  from CLM as the surface variable, and oth-
ers from COSMO as atmospheric variables. In particular, 
cloud water is the liquid phase water in the atmosphere that 
is not precipitable, represented by total cloud water (TQC ) 
as an instantaneous COSMO output at each output time step 
t (i.e. TQC (t). The original output of ET  from CLM is the 
flux during each 3-hour time interval, which was aggregated 
to the 3-hour sum in our analysis. Therefore, ET (t) repre-
sents the total amount of ET  in mm between the current 
time step t and the next time step t + 1.

In the analysis, ΔTQC/Δt at time step t is calculated by 
the difference between TQC  at each 3-hour time interval at 
each grid element as shown in Eq. 3, where t and t + 1 are 
the current and next time step,

∆ TQC

∆ t
(t) = TQC (t + 1)− TQC (t)� (3)

2.3  Classification of atmospheric regimes

As the analysis includes the influence of atmospheric con-
ditions on the coupling between ET  and cloud water, the 
TSMP simulation results are classified into different atmo-
spheric regimes. In the first pre-processing step, at each grid 
point, days with a low total cloud cover of less than 10% 

particular, the analysis will focus on the feedback between 
ET  and total cloud water (TQC ), representing cloud mois-
ture. Details about the selected variables will be explained 
in the following section. In line with many studies on Euro-
pean climate, the eight PRUDENCE regions (Christensen 
and Christensen 2007) are used as target domains for the 
analysis (Fig. 1).

2.2  Moisture balance of the cloud layer in 
COSMO model

In an atmospheric model, such as COSMO, cloud water 
plays an important role in the moisture balance as a tempo-
ral storage of atmospheric moisture that represents a sink or 
source for local or remote moisture exchanges (Doms et al. 
2021). Considering the entire atmospheric column (Eqs. 1),

∆ TQC

∆ t
∼= −

Zb∫

Zs

(ρ ν • ∇ q +
∂ F q

∂ z
− Pr)dz � (1)

where TQC  is the total cloud water (mm); Zs  is surface ter-
rain height (m); Zb  is cloud top height (m); v is horizontal 
wind speed (m/s); q is humidity mass fraction (kg/kg); Fq  
is vertical turbulent flux (kg/m^2 s); Pr is precipitable water 
flux (kg/m2 s); ρ  is the density of horizontal moisture flux 
(kg/m3). Changes in COSMO cloud moisture are related 
to the exchange of vertical turbulent fluxes, namely local 
updrafts of moisture transferred from ET  and downdrafts 
of moisture converted to precipitation, and horizontal cloud 
moisture advected remotely to and from the grid point by 
AMFD , based on the cloud model in the Tiedtke Mass-
Flux Scheme for cumulus parameterization during convec-
tion formation. Both local and remote moisture sources 
contribute to the sink or source of cloud moisture over an 
atmospheric column. An increase in total cloud moisture can 
only occur if the right-hand side of the equation is positive.

Similarly, the Warm Rain Scheme of Bulk Water-Con-
tinuity model for representing the microphysical processes 
of the mass fraction of hydrometeors (Eq. 2) in COSMO at 
individual droplets indicate that changes in cloud water mass 
fraction (qc ) are balanced by the rate of remote advection 
of cloud water mass fraction, moisture condensation from 
atmospheric water vapor, autoconversion, and accretion of 
cloud moisture to precipitable water, as shown below:

∂ qc
∂ t

∼= Aqc + Sc − Sau − Sac � (2)

where qc is cloud water mass fraction (kg/kg); Aqcis advec-
tion of cloud water (kg/kg)/s; Sc is condensation rate (kg/
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of many land surface processes (Findell et al. 2024; Wang et 
al. 2024). The ET -TQC  scaling was established between 
the total amount of ET  (ET (t) during each 3-hour inter-
val and the instantaneous TQC  at the end of that interval 
(TQC (t + 1). In this context, the time lag between ET  and 
TQC  establishes a directional relationship from land sur-
face to the atmosphere. Similarly, the ET -∆ TQC/∆ t  
scaling was applied between the total amount of ET  and the 
changes in TQC  over each 3-hour interval. As discussed 
in Sect.  2.2 on microphysics equations, ET  can directly 
contribute to changes in total cloud water (∆ TQC/∆ t ), 
which is captured by the coupling between the CLM and 
COSMO models operating every 900 s from the land sur-
face to the atmosphere. Although the 3-hour output reso-
lution may smooth this coupling effect, it still reveals an 
inherent lagged relationship, suggesting a coupling from 
ET  to ∆ TQC/∆ t

To establish the scaling relationship, 20 bins are created 
based on the value of X, and the same number of data points 
are ensured in each bin. The values of Y are grouped into 
the bins and averages are calculated for each bin based on 
the grid point for all JJA seasons in the dataset combined. 
Then, a locally weighted scatterplot smoothing (LOWESS), 
or moving regression, is applied to obtain the smoothed 
scaling curves along all the binned data points by calculat-
ing the local regression to represent their co-variability. Fur-
thermore, K-means clustering was applied to the calculated 
scaling curves at each grid point to classify the types of scal-
ing. Before doing the clustering, a dynamic time-warping 
algorithm was used to calculate the similarity between the 
smoothed scaling curves. The values of ∆ TQC/∆ t  were 
first normalized to ensure a fair comparison in the shape of 
scaling curves. The optimal number of clusters was selected 
based on visual selection from 2 to 10 clusters since the cal-
culation of commonly used silhouette scores was extremely 
computationally demanding due to our large dataset with a 
grid point-based analysis.

As a third method, the co-variability of ∆ TQC/∆ t  
with the two types of moisture sources, namely ET  and 
the atmospheric moisture flux divergence, TDIV _HUM

, is then diagnosed based on the quantile-phase plot at each 
PRUDENCE region at a 3-hour resolution (Liu et al. 2020). 
The percentiles of ET  and TDIV _HUM  are calculated 
over all grid points from 1990 to 2021 and divided into 20 
percentile bins (5% for each bin). The corresponding mean 
TQC  values are then calculated in each bin to visualize the 
joint distribution of ET  and TDIV _HUM , and the joint 
effect of ET  and TDIV _HUM .

Seneviratne et al. (2010) suggested that the terms cou-
pling, feedback, and interaction should be used more consis-
tently and carefully to avoid confusion. In our analysis, we 
use the term feedback to describe the two-way interaction 

are masked out to create the Baseline regime (Rbase) of only 
cloudy days, relevant for the analysis in this study. For these 
cloudy days, to investigate the role of atmospheric aridity at 
the grid point scale, Dry (Rdry) and Wet (Rwet) regimes are 
derived based on daily total precipitation equal to 0 mm/day 
or greater than 0 mm/day from the Rbase (Tao et al. 2019; 
Sedlar et al. 2022), to represent both, surface and atmo-
spheric humidity. In addition, an AMFD  regime classifi-
cation is done based on Rbase so the AMFD  regimes have 
overlapped with Rdry and Rwet. Here, the TSMP model out-
put moisture flux convergence is used as an indicator of the 
strength of atmospheric moisture flux dynamics at each grid 
point. A positive and negative value represents convergence 
and divergence, respectively. The 33rd and 66th percentiles 
of the absolute strength of moisture flux dynamics at each 
grid point are calculated based on the original dataset, and 
the Rbase dataset of cloudy days is further classified into 
Low (Rlow) (< 33rd percentile), Medium (Rmedium) (> 33rd 
and < 66th percentile), and High (Rhigh) (> 66th percentile) 
moisture dynamics regimes (Welty and Zeng 2018).

2.4  Analysis methods

First, Pearson correlation coefficients were calculated 
between ET  and ∆ TQC/∆ t as well asTQC  to diagnose 
the strength of the feedback at daily resolution. Both ET
-TQC  and ET -∆ TQC/∆ t  correlations were calculated 
at a daily timescale, thus, all the 3-hour variables from 
Sect.  2.2 were averaged over the day for the calculation. 
Although it is criticized for the linear assumption in quanti-
fying causal relationships (Tesch et al. 2023), it is acceptable 
to use Pearson correlation analysis in this study because we 
only want to derive a general characteristic of the coupling 
strength rather than an exact quantification. Additionally, 
while the correlation analysis without time lags only shows 
the association between two variables, a coupling mecha-
nism can still be indirectly inferred when linked to other 
well-established causal relationships, as suggested by Sen-
eviratne et al. (2010).

Also, the common L-A coupling metrics, like Pearson 
correlation and sensitivity index calculated based on linear 
slope and standard deviation Dirmeyer 2011; underestimate 
the non-linear nature (Wang et al. 2021) as they are only 
centered on evaluating the relative magnitudes of the lin-
ear relationship rather than capturing the co-variability pat-
tern. Therefore, in this study, we use a bin-averaged scaling 
analysis as a second method to estimate and visualize the 
overall relationship between two variables (X and Y, as ET  
and ∆ TQC/∆ t  or TQC , respectively) and to describe 
their nonlinear functional relationship. It is conducted at a 
3-hour resolution for each grid point as neglecting short-
term effects could underestimate strong diurnal variations 
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area under all atmospheric regimes. The strongest negative 
feedback is preferentially found in FR, SC, BI, ME, SC and 
northern IP, i.e. the western Atlantic coastal region, while a 
relatively weak feedback is found in MD, EA and southern 
IP. Interestingly, the weakly correlated regions correspond 
to those where latent heat flux (LH ) and sensible heat flux 
(SH ) are also negatively correlated as shown in Fig. S1 in 
Supplementary Information (SI). Also, the absolute value of 
the correlation coefficients under Rdry is much smaller than 
under Rwet, even close to 0 in the MD coastal and SC moun-
tain regions. The differences in the three AMFD  regimes 
are also evident in that the negative correlation coefficient 
generally decreases with increased moisture dynamics.

However, when looking at the correlation between ET  
and the dynamics of cloud moisture (∆ TQC/∆ t ) in 
Fig. 3, it shows a predominantly positive feedback between 
these two variables. For Rbase, the positive feedback is 
rather weak with an average correlation coefficient of less 
than 0.1 over the entire model domain and almost no cor-
relation in the southern IP, MD coastal and SC mountains 
regions. In contrast, for Rdry, much higher correlation coeffi-
cients are found in EA, ME, the northern coast of IP, the AL 
mountains and the interior of the MD region. For Rlow and 

between variables identified through correlation analysis, 
while coupling refers to the one-way relationship inferred 
from the lagged scaling analyses. It is important to note, 
however, that the feedbacks identified here do not neces-
sarily imply causal directions. Thus, the term L-A interac-
tion is used more broadly to describe general processes at 
the interfaces between land and atmosphere without imply-
ing any direction, including both one-way and two-way 
relationships.

3  Results

3.1  Evapotranspiration-cloud water content 
correlation

To diagnose the strength of L-A feedbacks, we examine the 
relationship between surface and atmospheric variables. In 
this study, our focus is on the feedbacks between ET  and 
cloud water over the EURO-CORDEX domain under dif-
ferent atmospheric regimes. Figure 2 shows the strength of 
the feedback between daily ET  and TQC . A consistently 
negative correlation is observed over most of the study 

Fig. 2  Pearson correlation coefficient between daily total ET  and 
TQC  in summer (JJA) under different atmospheric conditions over 
the EURO-CORDEX region: (a) Baseline regime (Rbase); (b) dry 

regime (Rdry); (c) wet regime (Rwet); (d) low moisture dynamic regime 
(Rlow); (e) medium moisture dynamic regime (Rmedium); (f) high mois-
ture dynamic regime (Rhigh)
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is observed under both Rwet and Rhigh moisture dynamic 
regimes with a steeper declining slope, while the lowest 
sensitivity is under Rdry for all PRUDENCE regions. There 
is only a small difference between the curves under Rlow and 
Rmedium, but both have a steeper slope than the curves of Rdry.

In Fig.  5, the binned scaling curve analysis at 3-hour 
resolution per grid point also shows a clear positive scaling 
relationship between ET  and ∆ TQC/∆ t . However, it is 
subject to a certain range of ET  in all PRUDENCE regions 
and all atmospheric regimes or conditions. A consistently 
positive relationship can be observed when ET  is in the 
range of 0.2 to 0.7 mm/3h, while at high ET  rates greater 
than about 0.7 mm/3h, ∆ TQC/∆ t  tends to be insensitive 
to ET , showing a flat or even slightly decreasing curve. 
Interestingly, the scaling curves for the IP, AL, MD, and EA 
regions show a clear hook scaling behavior, i.e., ET  and 
∆ TQC/∆ t  are negatively scaled at low ET values. Under 
Rdry, this hook scaling relationship is more prevalent in most 
of the PRUDENCE regions except for BI. The two types of 
scaling curves are even more obvious to be observed from 
the scaling curves fitted at individual grid points as shown 
in Fig. S2. However, the spatially averaged scaling curve 
in Fig. 5 only represents the dominant type of scaling and 
there is a clear mixture of the two types of scaling curves in 

Rmedium, a widespread higher positive correlation between 
ET  and ∆ TQC/∆ t  can be detected in most PRUDENCE 
regions, but for high moisture dynamics, Rhigh, the correla-
tion coefficient values are significantly reduced to less than 
0.1, especially in regions along the Atlantic coast, which is 
strongly influenced by the oceanic inflow of moist air. The 
larger variation in correlation coefficients between different 
dynamical regimes hints that the effect of AMFD  on the 
ET -∆ TQC/∆ t  feedback is more pronounced than the 
impact of precipitation (Rdry vs. Rwet). A notable exception 
is the mountainous regions in SC, which consistently show 
a low correlation. This could be attributed to the low ET  
in those regions, even in summer, as the correlation-based 
metrics are only meaningful when ET  is relatively high 
(Seneviratne et al. 2006).

3.2  Evapotranspiration-cloud water content scaling

In Fig. 4, the 3-hourly binned scaling relationship between 
ET  and TQC  further confirms the negative relationship 
as shown by the decreasing scaling curves in all regimes, 
although the slopes of the scaling curves are rather small 
or even show a slight increase at low ET  in ME, SC, AL, 
MD, and EA. Also, a higher sensitivity of TQC  to ET  

Fig. 3  Same as Fig. 2 but for ET  and ∆ TQC/∆ t
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Fig. 5  The same as Fig. 4 but for ET  and ∆ TQC/∆ t  at each 3-hour interval. The red dashed line indicates zero ∆ TQC/∆ t . The shading 
represents the range between the 5% and 95% percentiles of the ∆ TQC/∆ t  at each line

 

Fig. 4  The mean binned scaling curves between 3-hourly total ET  
and 3-hourly instant TQC  under different atmospheric regimes for 
each PRUDENCE region from (a) to (h). Each line represents one type 
of atmospheric regime: Baseline regime (Rbase) (Black dashed line); 
Dry regime (Rdry) (Light blue line); Wet regime (Rwet) (Dark blue line); 

Low moisture dynamic regime (Rlow) (Purple line); Medium mois-
ture dynamic regime (Rmedium) (Orange line); High moisture dynamic 
regime (Rhigh) (Red line). The corresponding shading color represents 
the range between the 5% and 95% percentiles of the TQC  at each 
line
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located in southern Europe, especially in the Mediterranean 
coastal regions, including the eastern IP, MD, and southern 
EA regions. The logarithmic scaling appears preferentially 
in the Atlantic coastal regions, including western IP, FR, 
BI, SC, and ME. The spatial pattern is also consistent under 
either Rwet or different moisture flux dynamic regimes (Rlow, 
Rmedium, Rhigh). An exception is Rdry; here more grid points 
with hook scaling can be detected in SC, FR, ME and even 
BI. This can also be observed in Fig. 5 and Fig. S3 in the 
mean scaling curves for the IP, FR, ME, and SC regions, 
which all feature hook scaling.

3.3  Quantile phase diagnosis between 
evapotranspiration and AMFD

From Fig. 8, it is clear that from low to high ET  percen-
tiles, the increase in ∆ TQC/∆ t  consistently occurs under 
a higher moisture flux convergence condition (indicated by 
lower TDIV _HUM  percentile), while significant TQC  
depletion (negative ∆ TQC/∆ t ) is associated with a 
strong divergence (high TDIV _HUM  percentile), espe-
cially when ET is in the low percentile. Looking at the rela-
tionship between ET  and ∆ TQC/∆ t , it is interesting to 
observe two types of scaling relationships as in Fig. 6. The 
logarithmic scaling occurs under the condition of mois-
ture flux convergence. In contrast, hook scaling develops 
when the moisture flux diverges, and this type of scaling 
is most pronounced under Rdry. In the southern and east-
ern PRUDENCE regions (SC, AL, MD, and EA) a hook 
scaling can be observed under moisture flux divergence 
under Rwet, while as shown in Fig. S4, hook scaling can also 
be observed under Rlow, Rmedium,Rhigh in the SC, AL, MD, 
and EA regions when there is strong moisture flux diver-
gence. This indicates that although there is no clear effect 
of AMFD  strength on the spatial distribution of scaling 
clusters as shown in Fig. 7, the sign of moisture advection 

IP, MD, EA, and AL in Fig. S2 in SI, which can be further 
observed in Fig. 6.

Similar to the ET -TQC  scaling in Fig. 4, the slope of 
the scaling curves and the maximum ∆ TQC/∆ t  in Fig. 5 
are much smaller under Rdry than under Rwet. In contrast to 
the differences in the Rdry and Rwet, and the clear contrasts 
in the correlation coefficient values between the three mois-
ture dynamics regimes in Fig. 3, the variation in the shape 
and scale of the scaling curves between different moisture 
dynamics regimes in Fig. 5 is very small, and only in AL and 
SC, the ET -∆ TQC/∆ t  scaling converge to the maximum 
under Rlow under higher ET  Hence, dry or wet conditions 
are likely to be key factors in determining the type of scal-
ing curves. Furthermore, although ET  and ∆ TQC/∆ t  
are positively scaled, small ET  values are always associ-
ated with negative TQC  dynamics, namely an intensified 
decrease in cloud water. This indicates that at low ET , the 
positive coupling cannot ensure an increase in TQC  when 
ET  is growing, as other potential sources or sinks of cloud 
moisture can counteract the positive local moisture contri-
bution and lead to a depletion of TQC , which is further 
explained in the Discussions in Sect. 4.

We further applied the K-means clustering algorithm 
across all atmospheric regimes to classify the types of 
scaling curves at each grid point based on the shape of the 
scaling curves, which indicates the different responses of 
∆ TQC/∆ t  to changes in ET . As shown in Fig. 6 and Fig. 
S3, two dominant types of scaling curves have been con-
sistently identified over all the regimes. Cluster 1 (Fig. 6a) 
describes the relationship between ∆ TQC/∆ t  and ET  as 
a proxy for a logarithmic function, with a gradually reduced 
increasing trend, while cluster 2 (Fig.  6b) represents the 
hook scaling relationship, with a combination of negative 
scaling at low ET  and then logarithmic scaling. The spatial 
distribution of the two clusters has been visualized in Fig. 7 
and shows a clear north-south contrasting spatial pattern. 
Under Rbase, most of the grid points with hook scaling are 

Fig. 6  Two distinct clusters of 
3-hourly total ET  and normal-
ized ∆ TQC/∆ t  (unitless) 
scaling curves were calculated 
over allgrid points using K-means 
clustering algorithm. Here is an 
example of clustering under the 
Rwet regime. The ∆ TQC/∆ t  
has been normalized for conduct-
ing K-means clustering on time 
series. The thick red lines repre-
sent the averaged scaling curve 
in one cluster and the black solid 
lines represent the grid-scale fit-
ted scaling curves
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4  Discussion

4.1  Characteristics of ET and cloud water 
interaction

In this study, contrasting relationships were found between 
ET  and the dynamic term (∆ TQC/∆ t ) and storage term 
(TQC ) of cloud water at the 3-hourly time scale in TSMP 
RCSM model results. The direct effect of ET  is reflected in 
its positive contribution to the positive cloud water dynamics 
based on the scaling analysis. The positive scaling between 
ET  and ∆ TQC/∆ t  is similar to the well-known effect 
of latent heat nudging in data assimilation (Caldas-Alva-
rez and Khodayar 2020). The widespread negative scaling 
between ET  and TQC  over the EURO-CORDEX domain 
in Fig. 4 likely reflects a strong atmospheric control from 
net radiation that drives ET  through atmospheric evapora-
tive demand (Teuling et al. 2013). Under the Rdry or Rlow 
regimes, the total cloud fraction is generally lower, as well 
as less cloud water, resulting overall in less atmospheric 
control with a low sensitivity between ET  and TQC  (Berg 
et al. 2015; Tao et al. 2019; Vogel et al. 2018), as indicated 

can significantly change the scaling type between ET  and 
∆ TQC/∆ t  at the grid point scale.

Under both Rdry and Rwet, the strongest TQC depletion 
(-0.1 mm/3 h) tends to occur when ET  is lower than the 
30% percentile and moisture flux divergence is higher than 
the 60% percentile. The highest ∆ TQC/∆ t  occurs at high 
ET  and strong moisture flux convergence under Rwet. For 
the Rdry, the highest ∆ TQC/∆ t  occurs more frequently at 
the middle percentile of ET  between 30 and 60%. The co-
variability pattern of the ∆ TQC/∆ t  distribution agrees 
well under Rlow and Rmedium as shown in Fig. S4. Compared 
to Rdry, with Rwet, the areas show either a strong decrease 
or an increase of ∆ TQC/∆ t  both become much larger. 
For Rwet, the quantile phase plots between the PRUDENCE 
regions show a generally similar pattern, except for IP and 
AL, here the distribution of bins with high ∆ TQC/∆ t  is 
more scattered under all atmospheric conditions. This is 
also observed in the cluster map, as these two regions show 
a spatial mix of the two types of scaling curves.

Fig. 7  Spatial distribution of the two types of scaling curves over all atmospheric regimes over the EURO-CORDEX region

 

1 3

10776

Chapter 3. Summer Evapotranspiration-cloud Feedbacks in Land–atmosphere Interactions over
Europe

42



Summer evapotranspiration-cloud feedbacks in land-atmosphere interactions over Europe

to water-limited ET , typically in transitional or dry regions 
(Fischer et al. 2007; Knist et al. 2017; Koster et al. 2004; 
Miralles et al. 2012; Seneviratne et al. 2006). Although the 
ET -TQC  correlation analysis cannot directly demonstrate 
the directionality of coupling, its spatial pattern, analogous 
to the LH -SH  relationship, may indirectly suggest a simi-
lar mechanism. Specifically, a lower ET -TQC  correlation 

by a decrease in the correlation and a flatter curve of ET
-TQC  scaling in Figs. 2 and 4.

The spatial distribution of ET -TQC  correlation (Fig. 2) 
shows a similar pattern to LH-SH in Fig. S1, where a positive 
correlation of LH -SH  characterizes an energy-limited ET  
regime in humid regions and a negative correlation indicates 
a strong surface impact on the near-surface atmosphere due 

Fig. 8  Quantile phase plots of ∆ TQC/∆ t  as a function of the 
percentile of ET  and TDIV _HUM  (using 10 percentile bins). 
Here, A represents the Rdry and B represents the Rwet. Subplots from 
a) to h) represent each PRUDENCE region respectively. The color 
in each bin represents the value of ∆ TQC/∆ t  The strength of 

AMFD  is represented by the value of moisture flux divergence 
(TDIV _HUM ). A low percentile of TDIV _HUM  repre-
sents strong convergence, while a high percentile represents strong 
divergence. The red dashed line indicates the percentile with almost 
zero AMFD
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ET  are determined by the local ET  regime, i.e. the evapo-
rative fraction, as indicated by the similar distribution of 
LH -SH  correlation in Fig. S1.

Similarly, the surface energy partitioning or ET  regime 
defined by LH  and SH  has been used in previous studies 
to represent the L-A coupling strength (Knist et al. 2017). 
Their positive correlation indicates an energy-limited 
regime of ET  in humid regions and a negative correlation 
by a strong surface control on the near-surface atmosphere 
due to water-limited ET  in either transitional or dry regions, 
which further explains the distribution of the hooked scal-
ing curves in water-limited regions in southern and eastern 
Europe and the responses of ∆ TQC/∆ t  to ET  modulated 
by the local ET  regimes.

4.2  Effects of atmospheric aridity on ET and cloud 
water interaction

Many studies have discussed the effect of dry or wet soil 
on the L-A coupling from the perspective of the SM -Pr  
relationship; here convective precipitation initialization pre-
fers dry soil due to the stronger local coupling by thermally 
induced vertical circulations generated by dry soil (Baur et 
al. 2018; Chen et al. 2020; Phillips and Klein 2014; Welty 
and Zeng 2018).

In this study, the role of atmospheric aridity is highlighted 
in that it can both directly impact L-A coupling by control-
ling the incoming net radiation, and indirectly intensify the 
control of SM  on ET  through the terrestrial leg by chang-
ing surface dryness, and ultimately affect the entire coupling 
chain and hence precipitation (Wei and Dirmeyer 2010). 
As discussed in Sect.  4.1, the ET -∆ TQC/∆ t  curves 
are limited by both SM  and incoming radiation, based on 
the water- and energy-limited ET  regimes, so the scalings 
could also be affected by both direct and indirect effects of 
atmospheric aridity. In Fig. 7 (b) and (c), for example, when 
comparing Rwet and Rdry, the hooked scaling relationships 
can also be detected in more humid areas such as BI and SC, 
where relationships shift from an energy-limited to a water-
limited state due to the drying effect of the increased atmo-
spheric aridity on the land surface. While the atmosphere 
is wet enough under Rwet, the scaling relationships in these 
regions still follow the energy-limited logarithmic scaling. 
A decrease in the ET -TQC  correlation coefficient under 
Rdry also indirectly reflects the increased surface control on 
the atmosphere and reduced limitation by incoming energy. 
Similarly, an increase in the local L-A coupling strength 
between ET  and atmospheric variables was observed by 
Jach et al. 2022 and Schwitalla et al. 2023 in warm and dry 
summers in Europe.

Also, Dirmeyer et al. 2021 highlight the transition in 
ET  regimes with intensified L-A coupling during the 2018 

could imply a stronger local land surface impact on TQC  
(Seneviratne et al. 2010).

However, the spatial distribution of ET -∆ TQC/∆ t  
correlation is less consistent with the aforementioned analy-
sis with weak correlation in IP and western MD as in Fig. 3a. 
This may be attributed to the dry conditions in summer that 
limit the generation of ET  (Wei and Dirmeyer 2012), and 
the influence of the atmosphere is then more dominant than 
the local land surface states (Findell and Eltahir 2003b), 
despite of the water-limited strong coupling regime. Jach et 
al. 2020 classified the SM -Pr  coupling regimes in Europe 
using the convective triggering potential (CTP )-low‐level 
humidity index (HIlow) framework proposed by Findell and 
Eltahir (2003a) based on simulations. Northeastern and 
southeastern Europe are identified with the strongest land 
surface control on Pr  as the water-limited transitional 
region, while the coupling strength is rather weak in both 
energy-limited wet regions like the Atlantic coast in west 
SC and BI, or water-limited dry regions like IP, which 
are classified as “atmospheric control” regions (Jach et al. 
2020). Unlike the correlation relationship, the scaling rela-
tionships of ET -∆ TQC/∆ t  as shown in Fig. 5 are mostly 
modulated by the local ET  regimes while their coupling 
strength tends to be stronger in dry and transitional areas 
under the water-limited regimes (Seneviratne et al. 2010). 
In general, the relationship between ET  and cloud moisture 
could be a robust indicator of a L-A interaction diagnostic, 
because it can capture the spatial distribution pattern of L-A 
feedback as determined in previous studies in Europe (Knist 
et al. 2017; Jach et al. 2020).

In Fig.  7, it is also interesting to observe a clear hook 
scaling relationship as shown in Fig.  6 between ET  and 
∆ TQC/∆ t  in southern (IP, MD) or eastern Europe (EA), 
known as dry and transitional regions (Knist et al. 2017). 
One working hypothesis about the hook structure is that 
since ET  is under a water-limited regime in relatively dry 
regions, a very low ET  implies an arid land surface as well 
as dry atmospheric conditions. Given an intensified thermal 
condition due to increased SH  under low SM , a small 
increase in ET  can moisten the atmosphere through local 
coupling, destabilizing the boundary layer (Liu et al. 2024; 
Su et al. 2023; Su et al. 2024), leading to accelerated cloud 
water depletion due to enhanced convective rain, resulting 
in the negative relationship between ET -∆ TQC/∆ t  as a 
hook structure. However, when ET  further increases with 
SM , the ET  regime gradually shifts into an energy-limited 
condition so the PBL becomes more stable so that the local 
moisture flux from ET  cannot destabilize it. At the same 
time, the cloud water sink is compensated by the increased 
local moisture source from ET  and the scaling again shows 
a logarithmic relationship. Therefore, the two types of scal-
ing curves indicate that the responses to changes in TQC  to 
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L-A feedbacks (Phillips and Klein 2014; Wei and Dirmeyer 
2010). Tao et al. (2019) found that atmospheric moisture 
changes are more closely related to moisture flux conver-
gence in dry years, while Ford et al. (2015) and Qing et 
al. (2023) also argued that remote moisture sources play a 
more important role in precipitation event initialization in 
dry regions. These discrepancies could be explained by the 
choice of target variables (cloud water vs. Pr) and the sensi-
tivity of the time domain.

4.4  Limitations

While correlation analysis provides useful diagnostics for 
assessing the feedback between ET  and cloud water, it 
cannot fully capture the causal direction inherent in these 
feedback processes without considering any time lag. In our 
context, the direction can only be estimated indirectly when 
evaluated together with well-established causal relation-
ships, such as the LH -SH  relationship (Seneviratne et al. 
2010). The scaling analysis highlights a clear non-linearity 
between ET  and cloud water as shown by the scaling curves 
in Figs. 5 and 6, given their coupling at 3 h. This again calls 
into question the robustness of linear metrics such as Pear-
son correlation in quantifying the strength of non-linear 
relationships in L-A feedback analysis. Correlation analysis 
can roughly capture the covariance between two variables 
but rarely provide valuable information on the functional 
relationships, as shown by the two distinct types of scal-
ing relationships between ET  and ∆ TQC/∆ t . As L-A 
coupling is complex involving multiple variables and pro-
cesses at different stages, rather a directional and multivari-
ate method is required for a robust causality measurement, 
such as Peter-Clark Momentary Conditional Independence 
(PCMCI) algorithm or information theory methods (Krich 
et al. 2021; Hagan et al. 2022; Zhou et al. 2024).

Another limitation of the study is the problem of model 
dependence and its setup. The identified correlation and 
scaling relationships are highly dependent on the physics 
and parameterizations in the model. The use of an ensemble 
of RCMs could reduce the bias of the detected signal in any 
single model setup and increase the generalisability of the 
results. Furthermore, the observational dataset could be used 
as a reference for verification, as there are also discrepancies 
between observations and models for the mechanisms in 
cloud formation and the initialization of convective events 
by L-A feedback (Tao et al. 2021). Moreover, although.

TSMP closes the water and energy cycles from ground-
water across the land surface to the top of the atmosphere, 
interactions between the land surface and atmosphere 
induced by the model coupling timestep of 900ss might be 
underestimated by the 3-hour resolution output. Neverthe-
less, the proposed diagnosis framework demonstrates the 

drought and heatwave in northern Europe, for example, in 
SC, which normally does not enter into such conditions, 
and the risk of this shift in exacerbating heatwaves and 
droughts. This regime shift is expected to be more frequent 
in the future, especially under high-emission climate scenar-
ios. As a result, the proposed scaling analysis may serve as 
a valuable diagnostic tool in climate model projections. In 
this study, only total daily precipitation is however used to 
represent both SM  drying and atmospheric drying; but high 
atmospheric aridity, for example, is not always associated 
with low soil moisture (Zhang et al. 2023). Future studies 
should explore the individual and combined effects of SM 
and atmospheric aridity on L-A interactions, particularly in 
the context of compound hot-dry events.

4.3  Effects of AMFD on ET and cloud water 
interaction

This study also investigates the effect of AMFD  on L-A 
feedbacks. AMFD can reduce the strength of the positive 
feedback between ET -∆ TQC/∆ t , and alter the scaling 
between ET  and ∆ TQC/∆ t  by providing a remote mois-
ture source for cloud formation and changing the humid-
ity of the atmosphere. This effect is most pronounced in 
the Atlantic coastal regions, including BI, SC, ME, FR, 
and IP, which have been identified as regions with strong 
atmospheric impacts by moisture advection from the ocean 
(Jach et al. 2020). Strong moisture flux advection provides 
a more stable boundary layer condition with a lower con-
vective triggering potential so that surface moisture fluxes 
can hardly trigger cloud formation and precipitation events 
(Findell and Eltahir 2003b). Therefore, the relationship 
between surface moisture fluxes and atmospheric moisture 
becomes less strong. This could be the same mechanism 
behind the weak ET -∆ TQC/∆ t  coupling in this region. 
Moreover, the masking effect of AMFD  is less significant 
in Rdry, because the atmospheric moisture flux convergence 
is typically weaker than the divergence in the absence of 
precipitation so cloud water dynamics depend more on the 
local surface moisture flux than on remote moisture sources.

However, rather than looking at the absolute value of 
AMFD , its sign (convergence or divergence) can also 
contribute to the changes in atmospheric humidity and 
ultimately affect the scaling relationship between ET  and 
∆ TQC/∆ t  as shown in Fig.  8. For example, a strong 
divergence can contribute to a drier condition that favors 
a hook scaling between ET  and ∆ TQC/∆ t . However, 
their effects cannot be discerned from Fig.  5 because the 
scaling curves here are averaged over the AMFD  range, 
which only shows the dominant effect of convergence or 
divergence at each region. Nevertheless, the large-scale 
AMFD  dominates in most events, with overall small local 
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Chapter 4

Information Flow Causality Reveals
Land–Atmosphere Coupling Dynamics
During Compound Dry–Hot Events in

Europe

This chapter is based on the following manuscript, which is currently under review at Climate Dynamics:
Zhang, Y., Hagan, D., Miralles, D. G., Goergen, K., and Kollet, S. (2025). Information flow causality reveals
land–atmosphere coupling dynamics during compound dry-hot events in Europe.

4.1 Introduction

In recent decades, the frequency, duration, and intensity of compound dry–hot events (CDHEs) have
increased globally, posing significant risks to ecosystems, agriculture, and human health (Zscheischler
et al., 2020). This trend is particularly evident in Europe, with the most pronounced CDHE changes
observed in central Europe and the Mediterranean region (Khodayar Pardo and Paredes-Fortuny,
2024; Markonis et al., 2021). Climate change intensifies CDHEs through a shift in the mean
climate state, an increase in variability, and changes in the coupling between key drivers of heat and
drought (Zscheischler et al., 2018). Anthropogenic greenhouse gas emissions are a major driver of
global warming, which alters large-scale synoptic weather patterns and land–atmosphere interactions,
thereby shaping the trends in CDHEs (Pan et al., 2023; Qian et al., 2023; Kong et al., 2024; Chiang
et al., 2022). Here, we use “land–atmosphere interactions” as a general term for land–atmosphere
relationships, while “coupling” refers to the strength of these linkages, and “feedbacks” are reserved
for closed-loop processes (Seneviratne et al., 2010).
During a CDHE, rising near-surface temperature elevates near-surface atmospheric moisture demand,
accelerating soil drying through increased evapotranspiration. This soil drying can in turn strengthen
land-atmosphere coupling (Miralles et al., 2019), i.e., how strongly soil moisture anomalies affect
the atmosphere. As soils dry, the coupling between soil moisture and temperature strengthens, al-
tering the surface energy balance by reducing the evaporative fraction, thereby amplifying surface
warming and extreme heat (Seneviratne et al., 2010). Although CDHEs are often linked to strong
land–atmosphere interactions, how these links and feedbacks evolve during an event remains un-
clear. Transitions between energy-limited and water-limited regimes, originating from the Budyko
hydroclimatic framework (Khodayar Pardo and Paredes-Fortuny, 1974), may further modulate event
severity and spatial extent by altering surface energy partitioning and land–atmosphere coupling
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strength (Ni et al., 2024; Chen et al., 2024; Feng et al., 2024). Moreover, the extent to which soil
moisture constrains evapotranspiration affects how antecedent hydrometeorological conditions shape
the development of extreme hot and dry conditions (Xu et al., 2024; Benson and Dirmeyer, 2023).

Many metrics and methods have been proposed to quantify land–atmosphere coupling based on
changes in mass and/or energy fluxes (Seneviratne et al., 2006; Miralles et al., 2012; Cui et al., 2022;
Hagan et al., 2019). For example, a metric introduced by Miralles et al. (2012) has been widely
used to analyze both long-term and short-term anomalies in soil moisture–temperature coupling,
including its evolution during extreme heat events. However, it relies on the covariation between heat
fluxes and temperature and does not explicitly identify the direction of causal influence (Goodwell
et al., 2020). Similarly, the metric proposed by Dirmeyer (2011) quantifies flux sensitivity to soil
moisture variability via a regression-based index, but this sensitivity measure remains non-directional.
Therefore, causal inference frameworks, including Granger causality (Tuttle and Salvucci, 2016),
graph-based algorithms (Runge et al., 2023), Convergent Cross Mapping (Ombadi et al., 2020),
and information theory methods (Kumar and Gupta, 2020; Ruddell et al., 2019), have emerged as
important complementary tools to identify the direction of causal influence and quantify the strength
of dependence between variables.

In the context of information theory, “information” refers to the reduction in uncertainty when a
source variable explains the evolution of a target variable. Information theory-based approaches
are particularly effective in detecting early shifts in causal relationships by monitoring the strength,
direction, and timing of information transfer before visible system changes occur (Ruddell and Kumar,
2009a; Kumar and Ruddell, 2010). Over the past three decades, information theory methods have been
widely applied to study interactions in natural coupled systems and provide a rigorous framework to
quantify information transfer and directional influence within complex systems (Ruddell et al., 2019;
Goodwell and Kumar, 2017a; Kumar, 2007; Liang, 2013; Goodwell et al., 2020). The Liang–Kleeman
(L–K) information flow framework (Liang, 2014) provides a first-principles, asymmetric measure
of directional influence, namely causality, and has been applied in diverse Earth system contexts,
including El Niño–Indian Ocean Dipole teleconnections (Liang, 2014), Arctic sea ice feedbacks
(Docquier et al., 2022), and land–atmosphere coupling (Hagan et al., 2019). However, its original
formulation assumes bivariate and stationary conditions, limiting its applicability to multiscale and
multivariate land–atmosphere systems. In this context, stationary means that the directional influence
is assumed to be constant in time, while bivariate means that the relationship is estimated between
only two variables without accounting for other interacting components of the system. To address
the first limitation, Hagan et al. (2019) introduced a time-varying, Kalman filter-based framework
that estimates directional influence as a time series. Zhou et al. (2024) further extended it into a
multivariate form that quantifies the influence between two variables while conditioning on additional
state variables. The multivariate formulation estimates conditional information flow within the full
system, allowing the strength of directed influence to be quantified while conditioning on other
interacting state variables included in the analysis, such as soil moisture, vapor pressure deficit,
and gross primary production. Here, conditional information flow denotes the directed influence
of one variable on another evaluated in the presence of other system variables, thereby isolating its
net contribution and reducing spurious direct links that may arise from shared drivers within the
multivariate framework (Liang, 2021; Zhou et al., 2024; Hagan et al., 2022).
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In this study, we apply a multivariate time-varying L–K information flow framework to quantify the
directional influence of soil moisture and shortwave radiation on near-surface temperature within pre-
defined coupling pathways. This allows us to characterize the strength of these coupling relationships
and track how these relationships evolve during CDHEs, both spatially and temporally. Conventional
analyses can show that dry and hot anomalies develop together, but they cannot distinguish whether
changes in near-surface temperature are more closely associated with shortwave radiation or with
strengthened soil moisture control as the event evolves. By separating the directed influence of soil
moisture and shortwave radiation on temperature, the framework makes it possible to identify whether
CDHE development is associated with a shift from energy-limited to water-limited conditions. Here,
changes in information flow rates are interpreted in a dynamical sense, describing how the land–
atmosphere system responds to and reorganizes under extreme conditions, in terms of the abiotic
system states and water or energy budgets. The methodology moves beyond the co-occurrence of
dry and hot anomalies by diagnosing how the influences of soil moisture and shortwave radiation on
near-surface temperature evolve across different stages of CDHEs in space and time.

4.2 Data and Methods

4.2.1 Simulation dataset

This study uses simulation results from a fully coupled regional climate model (RCM), the Terrestrial
System Modelling Platform (TSMP; Shrestha et al., 2014; Gasper et al., 2014), covering the period
1990–2022 and driven by ERA5 reanalysis data for the pan-European model domain at 12 km
resolution (EUR–12). As a fully coupled RCM, TSMP consists of the COnsortium for Small-Scale
MOdelling (COSMO) atmospheric model (Baldauf et al., 2011; Doms et al., 2002), the National
Center for Atmospheric Research Community Land Model (CLM) land surface model (Oleson et al.,
2008), and the Parallel Flow (ParFlow) surface–subsurface integrated hydrologic model (Jones and
Woodward, 2001; Kollet and Maxwell, 2006; Maxwell, 2013). These components are coupled via the
Ocean Atmosphere Sea Ice Soil coupler OASIS3–MCT (Valcke, 2013).
The fully coupled TSMP configuration, spanning from bedrock to the atmosphere, enables a realistic
representation of soil moisture profiles and evapotranspiration dynamics through explicit surface–
subsurface interactions, by resolving three-dimensional hydrological processes including groundwater
(Zipper et al., 2019; Naz et al., 2023). Unlike RCMs that rely on simplified hydrologic parameteri-
zations, TSMP explicitly simulates three-dimensional subsurface hydrodynamics, including ground-
water processes, leading to more realistic land–atmosphere feedbacks, reduced temperature biases
during heatwaves (e.g., the 2003 event), and improved long-term climatologies (Keune et al., 2016;
Furusho-Percot et al., 2022; Poshyvailo-Strube et al., 2024). Furthermore, Hartick et al. (2022)
demonstrated that the fully coupled configuration enhances the simulation of drought persistence
through groundwater memory effects.
For regional analysis, we adopt eight predefined regions from the Prediction of Regional Scenarios
and Uncertainties for Defining European Climate Change Risks and Effects (PRUDENCE) project
(Christensen and Christensen, 2007) as target domains. These regions are hereafter referred to as the
PRUDENCE regions and are illustrated in Fig. 4.1.
In this study, the analysis focuses on the warm season (JJA) and daytime (06:00–21:00 local time),
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Figure 4.1: Subset (dark red polygon) of TSMP over the European CORDEX domain (map extent)
and eight PRUDENCE regions for data analysis. France (FR) and the British Isles (BI), highlighted
in red boxes as representative regions throughout the following analysis. The remaining PRUDENCE
regions (SC: Scandinavia; ME: Middle Europe; EA: Eastern Europe; AL: Alpine region; IP: Iberian
Peninsula; MD: Mediterranean region) provide the broader geographical context across Europe. The
background shading shows surface elevation.

when surface feedbacks are the strongest. Surface volumetric soil water content in the 0–10 cm
layer is used as the key diagnostic to represent soil moisture, as it directly controls evapotranspiration
and sensible heat fluxes (Naz et al., 2023; Denissen et al., 2020; Dong et al., 2022). While deeper
soil layers and groundwater are not directly included in the diagnostic, they influence surface-layer
dynamics in TSMP through capillary rise and groundwater–soil moisture memory effects (Rahman
et al., 2014). Consequently, the use of a physics-based hydrological model ensures that the 0–10 cm
soil layer reflects the cumulative effects of subsurface water availability and lateral redistribution.
The variables used in the coupling analysis include soil moisture (𝑆𝑀), evapotranspiration (𝐸𝑇), near-
surface temperature (𝑇), and shortwave radiation (𝑅), evaluated at both the hourly and daily temporal
scales. Although observation-based datasets for these variables exist, only TSMP model output is
used in this study to: (1) provide a spatially and temporally consistent long-term record, and (2) enable
a physically consistent causal diagnosis using the L–K information flow framework. Observational
data, while valuable, often suffer from spatial coverage gaps and resolution mismatches, which
complicate causal attribution under compound extreme events without a coherent physical baseline.
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4.2.2 Identification of compound dry–hot events

This study focuses on CDHEs, defined as the co-occurrence of hot and dry extremes within the
same period (Zscheischler et al., 2020). Both temperature and soil moisture thresholds are applied
to identify CDHEs. First, individual hot extreme events are identified as days exceeding the 90th
percentile of daily near-surface temperature, denoted as 𝑇 > 𝑇90, where 𝑇90 is calculated from all
daily temperature data during June to August (JJA) over the period 1990–2022 at each grid point (Ni
et al., 2024). Dry days are identified as days with soil moisture below the 10th percentile threshold,
denoted as 𝑆𝑀 < 𝑆𝑀10, where 𝑆𝑀10 is computed analogously from daily soil moisture data during
JJA. Finally, CDHEs are defined as the temporal coincidence of identified hot and dry days within
JJA for each year.

4.2.3 Liang–Kleeman information flow framework

This study applies the multivariate time-varying Liang–Kleeman (L–K) information flow framework
developed by Zhou et al. (2024) to estimate time-dependent directional influence among interacting
variables and track its temporal evolution at the grid level. The specific implementation used for land–
atmosphere coupling analysis is described in Section 4.2.4. By incorporating multiple interacting state
variables within a unified system, the method estimates conditional information flow, allowing the
strength of directed influence to be quantified while conditioning on other variables in the analysis,
such as evapotranspiration and shortwave radiation, thereby reducing spurious links arising from
shared drivers or indirect pathways.
Given a 𝑑-dimensional continuous-time stochastic system X = (𝑋1, 𝑋2, . . . , 𝑋𝑑), the information flow
from 𝑋2 to 𝑋1, expressed in nats per unit time (where one nat corresponds to information measured
using the natural logarithm), measures how much 𝑋2 contributes to the change of 𝑋1 after accounting
for self-dependence from the own variability of 𝑋1 itself and the spurious effects, as shown in Eq. 4.1
(Liang, 2014).

𝐼𝐹
(𝑡 )
𝑋2→𝑋1

=
1

𝜎2
𝑋1

Cov(𝑋1, 𝑋2)

(
Cov(𝑋2, ¤𝑋1) −

Cov(𝑋1, 𝑋2) Cov(𝑋1, ¤𝑋1)
𝜎2
𝑋1

)
(4.1)

Here, 𝜎2
𝑋1

denotes the variance of 𝑋1, and the first 𝜎2
𝑋1

in the denominator is used to normalize the
magnitude of 𝑋1. Cov(𝑋1, 𝑋2) represents the covariance between 𝑋1 and 𝑋2, describing the static
and symmetric co-occurrence of the two variables. Cov(𝑋1, ¤𝑋1) is the covariance between 𝑋1 and
its time derivative ¤𝑋1, representing the influence of 𝑋1 on its own temporal tendency. Cov(𝑋2, ¤𝑋1)
is the key term of the information flow theory to quantify the directed influence from 𝑋2 to 𝑋1, as it
measures how much 𝑋2 explains the rate of change of 𝑋1 and therefore indicates both the direction
and magnitude of the causal relationship.
However, this quantity alone does not consider the impact of the spurious causal relationship from
𝑋1’s own autocorrelation, which can make 𝑋2 appear to drive 𝑋1 even if the influence is indirect.
Therefore, the formulation removes the component of Cov(𝑋2, ¤𝑋1) that is solely attributable to the
self-propagation of 𝑋1, leaving only the net causal contribution of 𝑋2.
The term
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Cov(𝑋1, 𝑋2) Cov(𝑋1, ¤𝑋1)
𝜎2
𝑋1

projects the contribution of 𝑋1 onto Cov(𝑋2, ¤𝑋1) and represents the inertia arising from the self-
propagation of 𝑋1. The significance of the estimated information flow is evaluated using the Fisher
information matrix, which quantifies its uncertainty and allows testing whether the estimated causal
influence is statistically distinguishable from zero. More details on this procedure are provided in
Supplementary Material (Section 4.6.1). Zhou et al. (2024) further derived the time-dependent form
(multivariate L–K information flow) of Eq. 4.2, referred to as the multivariate information flow
formulation, by incorporating additional state variables (𝑋3, . . . , 𝑋𝑑).

𝐼𝐹
(𝑡 )
𝑋2→𝑋1

=
1

𝜎2
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𝑗=1

Δ2 𝑗 Cov(𝑋 𝑗 , ¤𝑋1) −
Cov(𝑋1, 𝑋2) Cov(𝑋1, ¤𝑋1)

𝜎2
𝑋1

ª®¬ (4.2)

where Δ2 𝑗 denotes the cofactor of the (2, 𝑗)-th entry of the covariance matrix of the system, which is
dynamically updated at each time step using a Kalman filter. Cov(𝑋 𝑗 , ¤𝑋1) represents the covariance
between the mediator 𝑋 𝑗 and the time derivative of 𝑋1. The superscript (𝑡) denotes that the information
flow is time-varying. The outcome represents the entropy rate contribution of a source variable to a
target variable, expressed as the change of information entropy in nats per unit time (here, per hour).
The normalization by 𝜎2

𝑋1
ensures that the measure reflects the contribution of 𝑋2 to the relative

variance (and thus entropy) of 𝑋1, making information flow values comparable across space and
time for the same target variable, though not necessarily across variables with different physical units
(Liang, 2014, 2021; Zhou et al., 2024).
In this study, Eq. 4.2 defines directional information flow from a source variable to a target variable
within the multivariate system. A positive information flow rate indicates that variability in 𝑋2 in-
creases the entropy rate, and thus the variability of 𝑋1, conditional on the other variables included in
the analysis (𝑋3, . . . , 𝑋𝑑). Conversely, a negative information flow rate suggests that 𝑋2 stabilizes the
variability of 𝑋1 by constraining its fluctuations around the mean state. A statistically significant infor-
mation flow is interpreted as evidence of directed causal influence within this framework. Although
both positive and negative information flow rates are physically meaningful, the present analysis
focuses on positive information flow rates, which identify cases where the source variable amplifies
variability in the extreme system states, thereby highlighting land–atmosphere coupling hot spots.
Absolute information flow magnitudes across different variable pairs are not directly comparable, as
the rates are not normalized across variables in Eq. 4.2.

4.2.4 Information flow-based coupling framework

In the practical implementation of the analysis framework in Section 4.2.3, we have developed
an information flow-based coupling analysis framework to quantify predefined land–atmosphere
coupling pathways. These pathways, 𝑆𝑀 → 𝑇 and 𝑅 → 𝑇 , represent the soil moisture to temperature
pathway and the shortwave radiation to temperature pathway, respectively. The conceptual basis of this
framework is illustrated in Fig. 4.2, which summarizes the dominant interactions among soil moisture,
temperature, evapotranspiration, and shortwave radiation, under both normal climate and compound
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dry–hot conditions. As shown in Fig. 4.2, near-surface temperature is controlled by two primary
pathways. The radiative pathway 𝑅 → 𝑇 , represented by the red arrows, reflects the direct influence
of shortwave radiation on surface temperature. The soil moisture to temperature pathway, represented
by the orange arrows, links soil moisture to temperature through its control on evapotranspiration and
surface energy partitioning. These two pathways form the basis of the two information flow metrics
analyzed in this study. Accordingly, we compute the time-varying L–K information flow from soil
moisture to temperature and from shortwave radiation to temperature, denoted as 𝐼𝐹 (𝑆𝑀 → 𝑇 |𝑅, 𝐸𝑇)
and 𝐼𝐹 (𝑅 → 𝑇 |𝑆𝑀, 𝐸𝑇), in which the remaining two variables in the four-variable system serve
as conditioning variables. For simplicity, these are referred to as 𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇),
respectively. Although many variables could describe land–atmosphere processes, this study focuses
on these four variables because they capture the key land surface-driven and atmosphere-driven
controls on temperature relevant to the present analysis (Miralles et al., 2012; Haghighi et al., 2018;
Hsu et al., 2023). These two information flow pathways, therefore, quantify the directed influence of
soil moisture and shortwave radiation on temperature, with higher values indicating stronger coupling
from the source to the target variable (Liang, 2014; Zhou et al., 2024). In this study, stronger coupling
along the soil moisture to temperature pathway means that variations in soil moisture contribute more
strongly to the evolution of temperature, so that soil moisture anomalies are associated with a stronger
temperature response after accounting for the concurrent influence of the other state variables.
To assess the behavior of information flow rate during CDHEs, we analyze three events in total, namely
3–14 August 2003, 19–28 July 2006, and 4–14 August 2015. The latter two events are included to test
the robustness of the information flow responses across multiple extremes, whereas the 2003 event
is examined in greater detail as the main case study. Two 120km × 120km domains, one in France,
affected by the CDHE, and one on the British Isles, unaffected by the CDHE, are applied to compare
information flow rate responses, as shown in Fig. 4.3 as the black boxes. Long-term information flow
rates from 1990–2022 are also analyzed to identify anomalies specific to the CDHE periods.

4.3 Results

4.3.1 Spatial evolution of information flow rate during compound extreme

In this section, we examine the spatial variation of the land–atmosphere couplings during different
stages of the 2003 CDHE over France and middle Europe. Fig. 4.3 presents the temporal averages of
𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) across the EUR-12 domain one week before, during, and one week
after the CDHE. Before the event, high values of 𝐼𝐹 (𝑆𝑀 → 𝑇) (information flow rate > 0.05 nats h−1)
are confined to the Iberian Peninsula and Mediterranean, while larger positive 𝐼𝐹 (𝑅 → 𝑇) values
are widespread across most of Europe (information flow rate > 0.3 nats h−1), except in the Iberian
Peninsula and Mediterranean. During the CDHE, 𝐼𝐹 (𝑆𝑀 → 𝑇) intensifies across western Europe,
particularly in France, where the event was most severe. In France, 𝐼𝐹 (𝑆𝑀 → 𝑇) increases and
𝐼𝐹 (𝑅 → 𝑇) decreases from pre-CDHE to CDHE. After the CDHE, 𝐼𝐹 (𝑆𝑀 → 𝑇) weakens in France
(FR) and shifts toward the British Isles (BI) and central Europe, while strong 𝐼𝐹 (𝑅 → 𝑇) remains
relatively weak compared to its background state. In the Iberian Peninsula and Mediterranean, a
persistent pattern of high 𝐼𝐹 (𝑆𝑀 → 𝑇) and low 𝐼𝐹 (𝑅 → 𝑇) exists throughout, with slight spatial
expansion during the CDHE peak. Fig. 4.3 displays only positive information flow rates to emphasize
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Figure 4.2: Conceptual schematic of land–atmosphere interactions under normal climate conditions
(left) and compound dry–hot event (CDHE) conditions (right). Red arrows represent the radiative
forcing (𝑅) pathway linking shortwave radiation to near-surface temperature (𝑇) (𝑅 → 𝑇). Orange
arrows represent the land-surface control pathways through soil moisture and evapotranspiration
influencing near-surface temperature. Blue arrows denote the hydrological–atmospheric feedback
loop involving evapotranspiration, clouds, and precipitation. The central red arrow indicates the
transition in background climate state from normal conditions to compound dry–hot conditions. The
transition between panels illustrates the potential shift from energy-limited to water-limited conditions.

regions where the source amplifies the target variability. Negative values are present but are very small
in magnitude and fall outside the displayed range. The spatial patterns shown here should therefore
be interpreted as highlighting where positive directed influence is most pronounced, rather than as a
complete representation of the full information flow distribution. Importantly, the information flow
rates are not normalized (Eq. 4.2), so absolute magnitudes across variables (e.g., soil moisture vs.
shortwave radiation) are not directly comparable, i.e., a higher 𝐼𝐹 (𝑅 → 𝑇) than 𝐼𝐹 (𝑆𝑀 → 𝑇) does
not imply stronger influence. Instead, we focus on the spatial and temporal changes in information
flow rate as indicators of shifts in land–atmosphere coupling states during the extreme event.

4.3.2 Statistical evaluation of information flow analysis under compound extremes

To evaluate the consistency of the interpretation of 𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) as land surface
and atmospheric controls on temperature, we plot the probability density functions (PDFs) of daily
𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) information flow rates during the 2003 CDHE period in Fig. 4.4,
alongside those from the same calendar period in all other years (1990 to 2022), for the British Isles and
France, respectively. In FR, the PDF of 𝐼𝐹 (𝑆𝑀 → 𝑇) during 2003 exhibits a pronounced rightward
shift compared to the distribution from all other years, with a higher median value (approximately 0.01
nats h−1), indicating stronger soil moisture control on temperature during the CDHE. The distribution
of 𝐼𝐹 (𝑅 → 𝑇) during 2003 CDHE period is also shifted left relative to the distribution of 𝐼𝐹 (𝑅 → 𝑇)
for all other years, which is consistent with the observation from the spatial distribution in Fig. 4.3.
A similar skewed distribution can also be observed for the selected domains over the BI, though the
deviation from the distribution of 𝐼𝐹 (𝑆𝑀 → 𝑇) for all other years is much smaller than the one in
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Figure 4.3: Maps for time-averaged information flow rate over the entire analysis domain. The CDHE
period ranges from August 3rd to August 14th, 2003. The ’before CDHE’ period ranges from July
26th to August 2nd, 2003. The ’after CDHE’ period ranges from August 15th to August 21st, 2003.
(a) to (c) represent the changes in 𝐼𝐹 (𝑆𝑀 → 𝑇) and (d) to (f) show the variability of 𝐼𝐹 (𝑅 → 𝑇)
over the 2003 CDHE. The black boxes denote the two sub-regions that are used to calculate the
domain-averaged time series, as shown in Fig. 4.5, Fig. 4.14 and 4.15. The unit of information flow
rate is in nats h−1. Note that the information flow is calculated at the grid-cell level, and the resulting
information flow rate maps are shown only for the eight PRUDENCE regions as in Fig. 4.1.

FR, indicating a less strong CDHE impact in BI.
Fig. 4.5 shows the temporal evolution of domain-averaged 𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) during
the 2003 CDHE relative to the climatological mean. Over France, 𝐼𝐹 (𝑆𝑀 → 𝑇) rises sharply at
the onset of the event, remains elevated throughout the CDHE, and decreases afterwards, with values
far exceeding the multi-year mean. In contrast, 𝐼𝐹 (𝑅 → 𝑇) shows the opposite behavior, dropping
below the climatology at the beginning of the event and remaining suppressed even a week after,
indicating a shift from energy- to water-limited conditions consistent with the shifts in Fig. 4.4. Over
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Figure 4.4: The probability density plots of domain-averaged daily information flow rate during 2003
CDHE (the red shade) and overall JJA days from 1990 to 2022 (the green shade). Figure 4.4 (a) and
(b): France (FR); Figure 4.4 (c) and (d): British Isles (BI). The unit of information flow rate is in
nats h−1.

the British Isles, the increase of 𝐼𝐹 (𝑆𝑀 → 𝑇) during the CDHE is much weaker than in France,
but its persistently high post-event values match the spatial patterns shown in Fig. 4.3, suggesting a
delayed but sustained soil moisture control. Overall, Fig. 4.5 highlights not only the magnitude but
also the timing of shifts in coupling states, as identified by information flow rates. Importantly, the
key insight is not merely that low soil moisture coincides with high temperature, but that the influence
of soil moisture on temperature strengthens specifically during the compound dry-hot phase while
the 𝑅 → 𝑇 pathway weakens, showing that the influences of soil moisture and shortwave radiation
on temperature change during the compound dry-hot events.

4.3.3 Cross-event consistency of information flow analysis

4.6 further illustrates how land–atmosphere coupling strength, represented by 𝐼𝐹 (𝑆𝑀 → 𝑇) and
𝐼𝐹 (𝑅 → 𝑇), varies with the joint state of soil moisture and temperature over France (FR) and
the British Isles (BI) during 1990 and 2022. CDHEs identified in France in 2003, 2006, and
2015 are highlighted by squares, triangles, and diamonds, respectively. In both regions, enhanced
𝐼𝐹 (𝑆𝑀 → 𝑇) values are concentrated in the upper-left sector of the diagrams, corresponding to
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Figure 4.5: Stacked time series of domain-averaged information flow rate over multiple years during
the same time period as in Figure 4.2. Figure 4.5 (a) and (b): France (FR); Figure 4.5 (c) and (d):
British Isles (BI). The red line represents the time series during the 2003 event, and the red shaded
area indicates the corresponding CDHE period. The blue line represents the averaged time series
over the entire simulation period, excluding 2003; Blue shading denotes the central 95% range across
all years excluding 2003. The unit of information flow rate is in nats h−1.

low soil moisture percentiles and high temperature percentiles. It shows that strong soil moisture
control on temperature systematically emerges as the surface conditions become either drier or hotter.
In particular, in France, CDHE days from 2003, 2006 and 2015 displayed in the upper left sector
consistently show higher 𝐼𝐹 (𝑆𝑀 → 𝑇), with many points exceeding about 0.05 nats h−1. Within this
sector, the points with 𝐼𝐹 (𝑆𝑀 → 𝑇) higher than 0.05 are also denser, compared to only dry or hot
sectors. This indicates that once the system enters a compound dry–hot state, soil moisture exerts a
markedly stronger control on temperature.
In contrast, the BI shows a different distribution during the three selected CDHE periods than in
FR. Despite comparable heat levels (over the 90th percentile), in BI, soil moisture remained above
10% percentile during the same periods and 𝐼𝐹 (𝑆𝑀 → 𝑇) stayed below 0.03 nats h−1 throughout
the same periods, suggesting that a relatively wetter condition limited the intensification of the
coupling strength. This supports the assumption that stronger soil moisture control on temperature
arises specifically under compound conditions rather than isolated heat or dry conditions. Unlike
𝐼𝐹 (𝑆𝑀 → 𝑇), the 𝐼𝐹 (𝑅 → 𝑇) distribution exhibits a complementary pattern. Lower 𝐼𝐹 (𝑅 →
𝑇) values dominate the very dry part of the state space, while larger 𝐼𝐹 (𝑅 → 𝑇) values appear
preferentially under wetter conditions. This contrast between 𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) across
the soil moisture to temperature state space highlights a systematic change in the relative importance
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of the 𝑆𝑀 → 𝑇 and 𝑅 → 𝑇 pathways across different soil moisture or temperature conditions.

Figure 4.6: Scatter plots of daily 𝐼𝐹 (𝑆𝑀 → 𝑇) (first column) and 𝐼𝐹 (𝑅 → 𝑇) (second column) from
1990 to 2022 within the domains of FR ((a), (b)) and BI ((c), (d)). The x- and y-axes represent soil
moisture (𝑆𝑀) and near-surface temperature (𝑇) percentiles, respectively. For better visualization,
only the top 50% percentile of temperature and lower percentile of soil moisture are plotted. Each
marker represents the average value over France (FR) or the British Isles (BI) at a daily time scale
and the colorbar represents the magnitude of 𝐼𝐹 (𝑆𝑀 → 𝑇). Squares indicate days during the 2003
CDHE, triangles denote CDHE days in 2006, and diamonds denote CDHE days in 2015. All other
days are shown as small dots. Dashed lines mark the soil moisture < 10th percentile and temperature
> 90th percentile thresholds. The unit of information flow rate is in nats h−1.

Following the analysis shown in Fig. 4.6, the multi-year time series in Fig. 4.7 and 4.8 show how the
information flow rate evolution in conjunction with the development of soil moisture, temperature,
with the corresponding CDHEs overlain for the FR and BI analysis regions, which were selected as
contrasting regions with different hydroclimatic backgrounds and distinct coupling behavior. Under
the multi-year mean ranging from 1990 to 2022, 𝐼𝐹 (𝑆𝑀 → 𝑇) remains relatively weak in both
regions, with a mean level around 0.02-0.025 nats h−1, while 𝐼𝐹 (𝑅 → 𝑇) is systematically stronger,
with the multi-year mean near 0.15-0.2 nats h−1. France exhibits a drier and warmer background state,
with mean soil moisture around 0.30 m³/m³ and temperature about 2 K higher than over the British
Isles, where soil moisture is closer to 0.33 m³/m³. In most years and outside extreme periods, the
daily 𝐼𝐹 (𝑆𝑀 → 𝑇) fluctuations stay close to or below this climatological level, indicating generally
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weak soil-moisture control on temperature variability.

A different behavior emerges during the CDHE periods in FR. In 2003, 2006, and 2015, 𝐼𝐹 (𝑆𝑀 → 𝑇)
increases sharply near the onset of the identified CDHEs, remains higher than the multi-year mean
during the peak hot-dry phase, and decreases after the events. In 2003, the enhancement is strongest,
with the highest 𝐼𝐹 (𝑆𝑀 → 𝑇) values occurring in early to mid-August during the period of most
rapid soil moisture depletion. In 2006, 𝐼𝐹 (𝑆𝑀 → 𝑇) is only moderately elevated during the CDHE
period and remains only slightly above the multi-year mean. In 2015, 𝐼𝐹 (𝑆𝑀 → 𝑇) increased more
gradually and remains elevated into the August CDHE period. In addition, elevated 𝐼𝐹 (𝑆𝑀 → 𝑇)
values are already visible outside the identified CDHE period, for example, in late June and mid-July,
and these periods usually coincide with rapid soil moisture depletion. During these time windows,
𝐼𝐹 (𝑆𝑀 → 𝑇) clearly exceeds the multi-year mean, while 𝐼𝐹 (𝑅 → 𝑇) stays relatively low and
often below its climatological level. These periods coincide with a rapid decline of soil moisture
below the seasonal background and a simultaneous rise of temperature above the climatology. The
strongest 𝐼𝐹 (𝑆𝑀 → 𝑇) peaks occur during phases of fast soil moisture depletion toward seasonal
minima, for example, in early to mid-August 2003, indicating that temperature variability becomes
increasingly controlled by soil moisture anomalies under progressive drying. In contrast, over the
BI, the same calendar periods do not generally correspond to pronounced CDHE conditions, and
the joint pattern of enhanced 𝐼𝐹 (𝑆𝑀 → 𝑇) with suppressed 𝐼𝐹 (𝑅 → 𝑇) is much less consistent.
Although slight increases in 𝐼𝐹 (𝑆𝑀 → 𝑇) are visible, such as in late August 2003, these signals
are weaker and more intermittent, and are not systematically aligned with persistent soil moisture
dry down and high temperature anomalies as in France. This difference reflects the more humid
background state and the weaker tendency toward sustained water limitation in the BI. Therefore,
even with different background climate conditions in FR and BI, increasing 𝐼𝐹 (𝑆𝑀 → 𝑇) always
aligns with soil moisture dry down and a simultaneously warmer land surface.

Precipitation events also play an immediate and systematic role in 𝐼𝐹 (𝑆𝑀 → 𝑇), as indicated by
red and blue arrows in Fig. 4.14 as an example. This rainfall event in 2003 FR coincides with a
rapid suppression of 𝐼𝐹 (𝑆𝑀 → 𝑇), driving the information flow rate toward nearly zero. These
sharp drops occur concurrently with soil moisture recovery and a temporary weakening of soil
moisture control on temperature variability. This behavior is observed repeatedly in three analyzed
years and regions, indicating that rainfall acts as an effective interruption of soil moisture control
on near-surface temperature. Precipitation events can consistently limit 𝐼𝐹 (𝑆𝑀 → 𝑇), driving
information flow rates toward zero and reducing the likelihood of soil moisture changes to cause
extreme temperature, implying transient shifts between water- and energy-limited states. Meanwhile,
𝐼𝐹 (𝑅 → 𝑇) shows an opposite pattern, with higher values during wetter conditions, especially in
prolonged rain periods such as mid-August 2004, further supporting energy-limited behavior. These
results emphasize that the dynamics of information flow rate reflect underlying physical changes and
coupling sensitivity during extreme events. Importantly, the coupling interpretation of the coupling
relationship derived from the daily-scale analysis (Fig. 4.5, 4.7, 4.8) is consistent with the hourly
dynamics shown in Fig. 4.14 and 4.15. The enhancement of 𝐼𝐹 (𝑆𝑀 → 𝑇) during CDHE-related
dry conditions and its reduction under wetter conditions are evident at both temporal resolutions.
This agreement across scales suggests that the diagnosed variations in information flow reflect robust
changes in land–atmosphere coupling during CDHE evolution, rather than arising artificially from
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Figure 4.7: Domain-averaged time series over the France (FR) domain showing (a) 𝐼𝐹 (𝑆𝑀 → 𝑇),
(b) 𝐼𝐹 (𝑅 → 𝑇), (c) near-surface temperature (𝑇), and (d) soil moisture (𝑆𝑀) during the summer
season (June-August). Grey lines represent individual years from 1990 to 2022, and the black line
denotes the multi-year mean. The years 2003 (red), 2006 (blue), and 2015 (orange) are highlighted
as CDHE years identified in this study. Shaded regions indicate the detected CDHE periods for each
year. The unit of information flow rate is nats h−1.
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temporal averaging. Meanwhile, the spatial-temporal dynamics of the land–atmosphere coupling, as
represented by the information flow rate at different stages of these CDHEs, are also consistent with
the findings shown in Fig. 4.2. Fig. 4.12 and 4.13 present the temporal averages of 𝐼𝐹 (𝑆𝑀 → 𝑇) and
𝐼𝐹 (𝑅 → 𝑇) across the EUR-12 domain one week before, during, and one week after the identified
2006 and 2015 CDHEs. In FR, the dynamics of 𝐼𝐹 (𝑆𝑀 → 𝑇) show a clear increase and decrease
after the event in both 2006 and 2015 events.

Figure 4.8: As in Fig. 7, but for the British Isles (BI).
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4.4 Discussions

4.4.1 Spatial–temporal pattern of information flow in response to CDHEs

Although the co-occurrence of low soil moisture and high temperature during CDHEs is well known,
the added value of the information flow framework lies in its ability to diagnose how the influences of
soil moisture and shortwave radiation on near-surface temperature change during CDHE development.
Rather than describing only the co-variability among soil moisture, temperature, and shortwave
radiation, the method separates the directed influence of soil moisture and shortwave radiation on
temperature within the multivariate system. Our results show that CDHE development in France is
accompanied by a shift from background normal conditions that are consistent with predominantly
energy-limited behavior toward more water-limited conditions, under which soil moisture control
on temperature becomes stronger while radiative control weakens. The results further demonstrate
that this shift can be rapidly interrupted after rainfall, when 𝐼𝐹 (𝑆𝑀 → 𝑇) declines and the system
returns toward a more energy limited state. Across events, the same pattern appears repeatedly:
𝐼𝐹 (𝑆𝑀 → 𝑇) increases during dry hot phases, 𝐼𝐹 (𝑅 → 𝑇) weakens, and rainfall rapidly suppresses
𝐼𝐹 (𝑆𝑀 → 𝑇), indicating that the relationship between soil moisture, shortwave radiation, and
temperature changes systematically during CDHE development. As shown in Fig. 4.3, the displayed
positive information flow rate aligns with local evapotranspiration regimes and energy partitioning
states: high 𝐼𝐹 (𝑆𝑀 → 𝑇) dominates in water-limited regions such as the Iberian Peninsula and the
Mediterranean, where soil moisture variations exert strong control on temperature variability, whereas
high 𝐼𝐹 (𝑅 → 𝑇) appears in energy-limited regions such as the British Isles, where shortwave radiation
is the dominant driver. Significance tests (Fig. 4.14 and 4.15) further confirm that 𝐼𝐹 (𝑅 → 𝑇) acts
as a significant driver under wetter conditions (e.g., the BI), whereas during the CDHEs in FR,
𝐼𝐹 (𝑆𝑀 → 𝑇) becomes dominant and 𝐼𝐹 (𝑅 → 𝑇) loses significance as surface conditions shift
towards water limitation.
Beyond spatial patterns, the L–K information flow framework also captures the rapid temporal
dynamics of land-atmosphere coupling, which are crucial for understanding extreme events evolving
on short timescales. In France during the 2003 CDHE, a clear transition from energy-limited to
water-limited conditions is marked by increasing 𝐼𝐹 (𝑆𝑀 → 𝑇) and decreasing 𝐼𝐹 (𝑅 → 𝑇) (Fig. 4.3,
4.5, and 4.7), reflecting an enhanced sensitivity of temperature to soil moisture deficits. Fig. 4.5
and 4.7 show that this transition coincided with persistently low soil moisture and sustained high
𝐼𝐹 (𝑆𝑀 → 𝑇), creating favorable conditions for CDHE onset. Fig. 4.14 further demonstrates a
slow increase in 𝐼𝐹 (𝑆𝑀 → 𝑇) under CDHE impact, followed by a rapid decline after rainfall,
highlighting the dynamic adjustment of the system between contrasting hydroclimatic states. Recent
studies have also reported shifts in land–atmosphere interaction behaviour during compound dry-
hot extremes in different regions. Dirmeyer et al. (2021) showed that during the 2018 European
drought and heatwave, unusually dry soils altered surface fluxes and strengthened land–atmosphere
feedbacks, exacerbating the heatwave across much of northern Europe, consistent with changes in
coupling behaviour under compound extremes. Similarly, Orth (2021) highlighted that the hot spots
of land–atmosphere coupling can occur during extreme events even in climatologically wet regions,
underscoring the nonlinear response of coupling regimes under extreme forcing. In addition, Hirsch
et al. (2019) identified distinct coupling regimes for Australian heatwaves, with antecedent soil
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moisture conditions modulating surface temperature sensitivity and amplifying heatwave intensity
depending on local coupling strength. These findings are consistent with Hagan et al. (2019), who
demonstrated that integrating Kalman filtering with the L–K information flow framework captures
nonstationary coupling dynamics.
Our results highlight the utility of L–K information flow for resolving the temporal evolution of land–
atmosphere coupling during CDHEs. In principle, the framework can be applied across timescales,
from fast surface energy balance adjustments to slower soil moisture responses (Santanello et al.,
2018), as well as slower soil moisture responses (Gentine et al., 2019). Notably, these coupling
pathways are estimated within a multivariate system that includes key interacting state variables
(e.g.,shortwave radiation,evapotranspiration or soil moisture), allowing the conditional causal contri-
bution of each source variable to be quantified. This also emphasizes the importance of incorporating
high-frequency data into model evaluations to accurately capture fast land–atmosphere coupling
dynamics, as highlighted by Findell et al. (2024).

4.4.2 Land–atmosphere coupling strength in response to CDHEs

We find that soil moisture control on temperature is substantially stronger during CDHEs than during
isolated hot or dry conditions. As shown in Fig. 4.5, 4.7 and 4.8, 𝐼𝐹 (𝑆𝑀 → 𝑇) in FR during
the CDHEs is substantially higher than in the BI, despite similar temperature levels, indicating that
it is the combination of heat and dryness, rather than either one of these drivers in isolation, that
causes stronger soil moisture control on temperature. This result is consistent with recent findings
(McKinnon et al., 2021; Yoon et al., 2024; Mondal et al., 2024), emphasizing the role of compound
extreme events intensifying soil moisture control on temperature. Maraun et al. (2025) further
demonstrated that soil moisture control on temperature strengthens with event severity, supporting
our observation that CDHEs amplify land–atmosphere coupling more strongly than moderate events.
Fig. 4.6 also indicates that 𝐼𝐹 (𝑆𝑀 → 𝑇) is more sensitive to changes in soil moisture than tem-
perature, suggesting that soil moisture depletion plays a major role in regulating coupling strength
and shifting coupling states. As soil moisture drops, soil moisture control on temperature increases
nonlinearly, indicating that temperature becomes increasingly sensitive to soil moisture deficits under
drier conditions, as also shown in Fig. 4.7 and Fig. 4.8. This behavior is consistent with the transition
from energy-limited to water-limited conditions illustrated in Fig. 4.2, where reduced soil moisture
constrains evapotranspiration and shifts surface energy partitioning toward sensible heating, thereby
strengthening land surface control on temperature. This mechanism aligns with earlier findings by
Miralles et al. (2014), who showed that soil desiccation enhances surface heat accumulation through
boundary-layer trapping and diurnal mixing under persistent high-pressure systems. Such dynamics
create favorable conditions for the development of multi-day mega-heatwaves. Tian et al. (2024)
reported that temperature responses to dry soils can intensify by up to 67% during compound events,
further underscoring the role of soil moisture control on temperature in amplifying extremes. Notably,
even in typically humid, energy-limited regions such as the Yangtze River basin in China, extreme
soil moisture depletion during the 2022 CDHE led to strong soil moisture control on temperature
(Chen et al., 2025), suggesting that under unprecedented drought conditions, the coupling state can
shift dramatically.
Land–atmosphere interactions have nonlinear responses to interdependent processes across spatial
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and temporal scales (Findell et al., 2024; Santanello et al., 2018). Our framework, based on simplified
assumptions (Fig. 4.2), omits some processes that are important within the land–atmosphere coupling
chain, such as sensible heat flux, wind speed, and large-scale atmospheric dynamics (Zhang et al.,
2024). Nonetheless, the selected variables capture dominant coupling pathways under extreme
conditions. While based on a causal interpretation, this study does not explicitly test causal sufficiency.
However, the proposed framework can be extended to incorporate additional processes and variables
across different spatial and temporal scales.
Although our analysis is conducted within a model environment, the availability of independent
observational datasets for key variables makes it feasible to apply the same framework to real-world
observations. Here, we focus on model-based causal diagnosis to ensure physical consistency and
process traceability under compound extremes. Additionally, since information flow rates are not
normalized, the magnitudes of 𝐼𝐹 (𝑆𝑀 → 𝑇) and 𝐼𝐹 (𝑅 → 𝑇) are not directly comparable. Recently,
Liang (2015, 2021) proposed a normalized L–K information flow framework, which has not yet been
integrated into the current methodology.

4.5 Conclusion

This study explores how land–atmosphere interactions respond to compound dry–hot events (CDHE)
using the Liang–Kleeman (L–K) information flow framework applied to a fully coupled Terrestrial
System Modeling Platform (TSMP) simulation. We find that under normal conditions, the spatial dis-
tribution and temporal behavior of the two pathways are consistent with predominantly energy-limited
conditions across much of the domain, with radiative control appearing more widespread while soil
moisture control remains relatively weak. During CDHEs, this background pattern changes, and the
soil moisture to temperature coupling pathway becomes more influential under CDHE conditions,
particularly in hotspot regions. This reflects a shift toward water-limited conditions, in which drier
antecedent soils amplify temperature extremes through stronger soil moisture control on temperature
coupling. These shifts reverse following precipitation events, marking a return to energy-limited
conditions. These results show that CDHE intensification is not defined only by concurrent hot and
dry anomalies, but also by a systematic strengthening of soil moisture influence on temperature with
a weakening of shortwave radiation influence on temperature during event development. By applying
the information flow framework within a conditional multivariate system, the analysis distinguishes
these changing influences from simple co-variation among soil moisture, temperature, and shortwave
radiation during the compound extremes. The time-varying L–K information flow framework there-
fore captures how the influences of soil moisture and shortwave radiation on temperature change
during and after compound extreme events. In this context, the information flow rate characterizes
the transition of the coupled system between energy- and water-limited conditions during and after
CDHEs. More broadly, the findings demonstrate the value of L–K information flow analysis for
diagnosing how the influences of soil moisture and shortwave radiation on near-surface temperature
change during compound dry-hot events within an Earth system model. This framework can also be
applied to examine how other external perturbations modify the controls on near-surface temperature
within the coupled system, thereby improving understanding of human–climate interactions.
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4.6 Supplementary Material

4.6.1 Liang–Kleeman information flow rate calculation

Explanations on Cov(𝑋1, ¤𝑋1)/𝜎2
𝑋1

in Eq. 4.1 and Eq. 4.2:
Given a linear relationship between 𝑋1 and ¤𝑋1:

¤𝑋1 = 𝛽𝑋1 + 𝜀 (4.3)

Where:
𝑋1 is the independent variable
¤𝑋1 is the dependent variable (tendency)
𝛽 is the regression coefficient
𝜀 is the residual, assumed to satisfy E[𝑋1𝜀] = 0 (uncorrelated with 𝑋1)
The least-squares estimate minimizes the mean-squared residual:

min
𝛽

E
[
( ¤𝑋1 − 𝛽𝑋1)2] (4.4)

Taking the derivative with respect to 𝛽 and setting it to zero:

𝜕

𝜕𝛽
E
[
( ¤𝑋1 − 𝛽𝑋1)2] = −2E

[
𝑋1( ¤𝑋1 − 𝛽𝑋1)

]
= 0 (4.5)

Solving for 𝛽:

𝛽 =
E[𝑋1 ¤𝑋1]
E[𝑋2

1 ]
(4.6)

Rearranging:

𝛽 =
Cov(𝑋1, ¤𝑋1)

𝜎2
𝑋1

(4.7)

Thus, the ratio Cov(𝑋1, ¤𝑋1)/𝜎2
𝑋1

is simply the regression slope of ¤𝑋1 on 𝑋1, which represents how
much 𝑋1’s current deviation explains its future rate of change.

4.6.2 Additional L–K information flow analysis results
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Figure 4.9: Maps for time-averaged 𝐼𝐹 (𝑆𝑀 → 𝑇) over the entire analysis domain in 2003 summer
(a) and over 1990 to 2022 (b). The unit of information flow is in nats h−1.

Figure 4.10: Scatter plots of daily 𝐼𝐹 (𝑆𝑀 → 𝑇) (a) and 𝐼𝐹 (𝑅 → 𝑇) (b) from 1990 to 2022
within the domains of the Iberian Peninsula (IP). The x- and y-axes represent soil moisture (𝑆𝑀)
and near-surface temperature (𝑇) percentiles, respectively. For better visualization, only the top 50%
percentile of temperature and lower percentile of soil moisture are plotted. Each marker represents
the average value at a daily time scale and the colorbar represents the magnitude of 𝐼𝐹 (𝑆𝑀 → 𝑇).
Squares, triangles, and diamonds represent the same CDHE days as in France during the 2003, 2006,
and 2015 CDHEs. All other days are shown as small dots. Dashed lines mark the soil moisture < 10th
percentile and temperature > 90th percentile thresholds. The unit of information flow is in nats h−1.
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Figure 4.11: Domain-averaged hourly time series of near-surface temperature (𝑇) in a 10*10 grid
domain, as in Figure 4.3, in 2003 (blue) and 2004 (orange) summer. (a). France (FR); (b). British
Isles (BI).
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Figure 4.12: As in Figure 4.3 but for the CDHE period ranges from July 19th to July 27th, 2006 over
France. The ‘before CDHE‘ period ranges from one week before July 19th, 2006. The ‘after CDHE‘
period ranges from one week after July 27th, 2006.
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Figure 4.13: As in Figure 4.3 but for the CDHE period ranges from August 4th to 14th, 2015 over
France. The ‘before CDHE‘ period ranges from one week before August 4th, 2015. The ‘after CDHE‘
period ranges from one week after August 14th, 2015.
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Figure 4.14: Time series of information flow rate and hydroclimatic variables over France (FR) during
summer for 2003 and 2004. (a) shows 𝐼𝐹 (𝑆𝑀 → 𝑇), and (b) shows 𝐼𝐹 (𝑅 → 𝑇). Solid lines represent
the estimated information flow rates, while shaded envelopes indicate the associated uncertainty range
derived from the Fisher information matrix. Dashed lines denote statistically significant information
flow values based on the significance test, indicating periods when the inferred information flow
is significantly different from zero. (c) shows domain-averaged soil moisture (𝑆𝑀; left axis) and
total precipitation (𝑃; right axis) for the same years. This figure highlights the temporal evolution
and statistical significance of the diagnosed land–atmosphere coupling pathways during contrasting
hydroclimatic conditions. The unit of information flow rate is in nats h−1.
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Figure 4.15: As in Fig. 4.14 but in British Isles (BI).
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Chapter 5

Can Irrigation Alter Extreme Heat and
Drought? A Causal Exploration of the

2003 European Compound Dry-Hot
Event

This chapter is based on the following manuscript: Zhang, Y., Hagan, D. G., Miralles, D. G., Goergen, K.,
and Kollet, S. (2026). Can Irrigation Alter Extreme Heat and Drought? A Causal Exploration of the 2003
European Compound Dry-Hot Event. Manuscript prepared for submission.

5.1 Introduction

Global warming has increased global mean surface air temperature by approximately 1.09 ◦C relative
to the pre-industrial period (Intergovernmental Panel on Climate Change, 2023). Along with rising
mean temperature, the frequency and intensity of climate extremes have increased substantially,
posing growing risks to ecosystems and human societies (Irrgang et al., 2021; Feser et al., 2024).
Among these extremes, compound dry-hot events (CDHEs), defined as the concurrent occurrence of
hot and dry conditions, have emerged as a particularly damaging hazard because their co-occurrence
can amplify impacts beyond the effects of heat or drought alone (Zscheischler et al., 2018). This
trend is particularly pronounced in Europe, exhibiting an uneven spatial distribution with the largest
increases observed in central Europe and the Mediterranean region (Tejedor et al., 2024; Wang et al.,
2023; Khodayar Pardo and Paredes-Fortuny, 2024; Markonis et al., 2021).
At the global scale, greenhouse gas (GHG) forcing has been identified as the dominant driver of
observed and projected increases in CDHEs through shifts in mean climate, changes in variability,
and altered dependence structures among climate variables (Zscheischler et al., 2020; Qian et al.,
2023; Kong et al., 2024). However, fewer studies have examined how specific human interventions,
such as irrigation, modify CDHEs over long time scales.
Expanding irrigation is an important anthropogenic driver of changes in surface water and energy
fluxes through its influence on land–atmosphere interactions (McDermid et al., 2023; Yang et al.,
2023). At the regional scale, irrigation can enhance evapotranspiration by modifying surface energy
partitioning, thereby reducing near-surface temperature extremes and dampening heatwaves (Kuep-
pers and Snyder, 2012; Lo and Famiglietti, 2013; Leng et al., 2015; Hirsch et al., 2017; Thiery et al.,
2017; Chou et al., 2018; Shah et al., 2019). More fundamentally, irrigation alters the soil moisture
conditions that regulate surface energy partitioning, thereby modifying the land surface control of
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temperature through soil moisture–temperature coupling. During concurrent drought and heatwave
conditions, irrigation can also mitigate the occurrence and magnitude of CDHEs by increasing soil
moisture and reducing atmospheric vapor demand (Ambika and Mishra, 2021).

However, irrigation also acts as an additional moisture input to the regional water cycle by moistening
the land surface and lower atmosphere, modifying boundary-layer processes, and potentially affecting
precipitation patterns (Lo and Famiglietti, 2013; Allan et al., 2020). These interactions are strongly
shaped by regional hydroclimatic conditions, irrigation practices, and atmospheric dynamics, leading
to substantial spatial variability and a wide range of climatic responses from local to remote scales
(Cook et al., 2015; Thiery et al., 2017; de Vrese and Stacke, 2020; Alter et al., 2015b; Lu et al., 2017;
Decker et al., 2017; Li et al., 2024).

Despite extensive evidence that irrigation modifies regional temperature and hydrological conditions,
it remains unclear how irrigation changes the strength and temporal evolution of soil moisture control
on temperature during the onset and persistence of CDHEs (McDermid et al., 2023; Yang et al., 2023).
This gap is particularly important in Europe, where irrigation has expanded in several semi-arid
agricultural regions that are also increasingly exposed to hydroclimatic extremes (Zhu and Siebert,
2024; Lhotka et al.). In Europe, semi-arid and arid regions have not only experienced expanded
irrigation in recent decades, but are also increasingly exposed to frequent hydroclimatic extremes. In
agricultural regions, CDHE intensity is closely linked to soil moisture deficits (Hamed et al., 2021).
Understanding the exposure and sensitivity of these regions is therefore important for clarifying
irrigation impacts on CDHEs (Al-Yaari et al., 2022; Qian et al., 2013; Böhnisch et al., 2023) and for
informing practical mitigation and adaptation strategies under regional climate change. Addressing
this question requires a modeling framework that can represent interactions from groundwater to the
atmosphere, making fully coupled simulations particularly suitable for assessing irrigation impacts on
CDHEs (Keune et al., 2018). Irrigation effects depend strongly on subsurface water availability and
groundwater to soil interactions, which influence soil moisture persistence and surface flux responses
such as evapotranspiration (Maxwell and Miller, 2005; Kollet and Maxwell, 2006). Such processes
cannot be fully represented in models with simplified soil columns. Fully coupled terrestrial system
models, such as the Terrestrial Systems Modeling Platform version 1 (TSMP), provide a physically
consistent framework to represent interactions among groundwater, soil moisture, land surface fluxes,
and atmospheric processes (Shrestha et al., 2014).

Climate extremes can be viewed as relatively rapid perturbations, whereas irrigation acts as a more
persistent anthropogenic forcing. Understanding system responses to these perturbations requires
accurate estimation of causal structures within the climate system (Runge et al., 2019; Goodwell
et al., 2020). Most existing studies quantify land–atmosphere interactions using correlation- or
regression-based diagnostics, which describe statistical co-variability but do not explicitly identify
directional influence among land and atmospheric variables (Dirmeyer, 2011). To address this
limitation, the Liang–Kleeman (L–K) information flow framework has recently been applied to
diagnose causal dynamics in land–atmosphere interactions under severe perturbations using fully
coupled regional climate simulations (Liang, 2014; Zhang et al., 2024). This framework provides an
interpretable process-level diagnostic for assessing how the influence of key land and atmospheric
variables changes under CDHE conditions (Liang, 2021). However, its application to persistent
human interventions such as irrigation has not yet been systematically examined (Thiery et al., 2020;
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de Vrese and Stacke, 2020).
In this study, three long-term sensitivity simulations with TSMP are analyzed for the period 1990–
2022, including one control simulation and two irrigation simulations. These simulations are used to
diagnose how irrigation modifies CDHEs and associated land–atmosphere interactions under extreme
conditions. Statistical analyses are applied to quantify irrigation effects on both the frequency and
magnitude of CDHEs across multiple spatial and temporal scales over Europe, and to evaluate the
relationship between irrigation amount and CDHE responses. Furthermore, the L–K information
flow framework developed in Chapter 4 is applied to quantify how irrigation modifies the directional
influence of soil moisture on temperature under CDHE conditions, while accounting for the impact
of evapotranspiration and incoming shortwave radiation. This allows us to assess whether irriga-
tion weakens the event-scale intensification of soil moisture–temperature coupling during extremes.
Ultimately, this study addresses the following research questions:

1. How does irrigation affect the frequency and magnitude of CDHEs across different spatial and
temporal scales in Europe?

2. How does irrigation modify the directional influence of soil moisture on temperature during
compound dry-hot events?

5.2 Simulation Data and Methodology

5.2.1 Model simulations and analysis variables

This study analyzes three long-term simulations conducted with TSMP from 1990 to 2022, includ-
ing one control simulation without irrigation (CTL) and two irrigation simulations (HWU_W and
HWU_S). Here, TSMP refers to the fully coupled model configuration used in this study. All simu-
lations are driven by ERA5 reanalysis over the EU-CORDEX domain, which provides atmospheric
boundary conditions and sea surface temperature forcing. Two monthly irrigation datasets spanning
1984–2022 are used, derived from Wada et al. (2016) for HWU_W and Siebert and Döll (2010) for
HWU_S. The spatial distribution of irrigation amount during the summer of 2003 and the corre-
sponding monthly domain-integrated irrigation totals are shown in Fig. 5.9 and 5.10 as representative
examples.
In Europe, highly irrigated regions with irrigation amounts exceeding 100 mm month−1 are primarily
located in Spain, including the Ebro and Guadalquivir river basins, the Po River basin in Italy, and
the Danube delta region. On average, the irrigation dataset from Wada et al. (2016) prescribes
approximately 20% higher annual irrigation amounts than the dataset from Siebert and Döll (2010).
For regional analysis, eight predefined PRUDENCE regions are used as target domains (Christensen
and Christensen, 2007). These regions are referred to as the PRUDENCE regions throughout this
study and are shown in Fig. 5.1.
TSMP is a fully coupled terrestrial system modeling platform (Shrestha et al., 2014; Gasper et al.,
2014). The version used here, TSMP, consists of the atmospheric model COSMO Baldauf et al., 2011;
Doms et al., 2002, the land surface model CLM Oleson et al., 2008, and the surface–subsurface hydro-
logical model ParFlow Jones and Woodward, 2001; Kollet and Maxwell, 2006; Maxwell, 2013, which
are coupled through OASIS3-MCT (Valcke, 2013). Through the explicit coupling of atmospheric,
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land surface, and groundwater processes, TSMP simulates three-dimensional terrestrial hydrology
and groundwater dynamics and represents groundwater–soil–atmosphere feedbacks. TSMP is there-
fore well suited for assessing irrigation-induced land–atmosphere feedbacks because it resolves the
complete terrestrial water cycle, including groundwater storage and dynamics (Keune et al., 2018).
The irrigation datasets are post-processed and implemented in ParFlow through source or sink terms
in the corresponding groundwater layers.

The main variables analyzed in this study are soil moisture (𝑆𝑀), evapotranspiration (𝐸𝑇), near-
surface temperature (𝑇), incoming shortwave radiation (𝑅), and precipitation Naz et al., 2023. Soil
moisture is defined as the vertically averaged volumetric soil moisture over the uppermost five ParFlow
soil layers, corresponding to approximately the upper 10 cm of the soil column.

Figure 5.1: European CORDEX domain (red box) and eight PRUDENCE regions (black boxes)
for TSMP simulations and data analysis. BI: British Island; SC: Scandinavia; ME: Middle Europe;
EA: East Europe; FR: France; AL: Alpine region; IP: Iberian Peninsula; MD: Mediterranean region.
Source: (Zhang et al., 2024).

5.2.2 Definition of compound dry-hot events

CDHEs are identified using the threshold-based framework introduced in Chapter 4. In brief, hot
and dry conditions are defined at each grid point based on their respective thresholds, and a CDHE is
diagnosed when both conditions occur simultaneously. To characterize irrigation effects on compound
extremes, four CDHE metrics are calculated for each simulation: annual total CDHE days, CDHE
frequency, maximum duration of individual CDHEs, and annual cumulative heat during CDHEs
(Wang et al., 2024a).

These metrics are compared among CTL, HWU_W, and HWU_S at both grid-point and regional
scales. In addition, irrigated and non-irrigated grid points are analyzed separately to distinguish
localized irrigation effects from regionally averaged responses.
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5.2.3 Liang–Kleeman information flow framework

The Liang–Kleeman (L–K) information flow framework provides an analytical measure of directed
influence between variables in stochastic dynamical systems, derived from the underlying entropy
evolution of the system(Liang, 2014, 2021). Here, the multivariate time-varying L–K information
flow framework (Zhou et al., 2024) is used as a process-level metric to quantify how the directional
influence of soil moisture on temperature changes across simulations and during extreme events.
Consider a 𝑑-dimensional continuous-time stochastic dynamical system,

dX = F(X, 𝑡) d𝑡 + B(X, 𝑡) dw, (5.1)

where X = (𝑋1, . . . , 𝑋𝑑) denotes the state vector, F is an arbitrary nonlinear function of X and time
𝑡, w is a Wiener process representing white noise, and B is the matrix of stochastic perturbation
coefficients, which may depend on X and 𝑡.
Within the MtvLK framework, the time-varying information flow rate from 𝑋2 to 𝑋1 conditioned on
the remaining variables (𝑋3, . . . , 𝑋𝑑), denoted as 𝑇 (𝑡 )

2→1 |3,4,...,𝑑 , is given by

𝑇
(𝑡 )
2→1 |3,4,...,𝑑 =

1
𝜎2
𝑋1

Cov(𝑋1, 𝑋2)
©­«
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Δ2 𝑗 Cov(𝑋 𝑗 , ¤𝑋1) −
Cov(𝑋1, 𝑋2) Cov(𝑋1, ¤𝑋1)

𝜎2
𝑋1

ª®¬ , (5.2)

where the covariance matrix P = (𝑃𝑖 𝑗) is dynamically updated at each time step using a Kalman filter,
Δ2 𝑗 denotes the cofactor of the (2, 𝑗)-th element of P, and Cov(𝑋 𝑗 , ¤𝑋1) represents the covariance
between 𝑋 𝑗 and the time derivative of 𝑋1. Further details of the mathematical derivation and numerical
implementation can be found in Liang (2014, 2021) and Zhou et al. (2024).
In this chapter, the framework is applied to a four-variable process network consisting of soil moisture,
temperature, evapotranspiration, and incoming shortwave radiation. The target quantity is the condi-
tional information flow from soil moisture (𝑆𝑀) to temperature (𝑇), denoted as 𝐼𝐹 (𝑆𝑀 → 𝑇), while
conditioning on evapotranspiration and incoming shortwave radiation. This quantity is interpreted as
the directional influence of soil moisture variability on temperature variability under the concurrent
effects of surface fluxes and radiative forcing.
The information flow rates are calculated at hourly time steps for each grid point and are then used to
compare the spatial and temporal evolution of coupling strength among CTL, HWU_W, and HWU_S.
Particular emphasis is placed on the 2003 summer CDHE, during which the temporal dynamics of
𝐼𝐹 (𝑆𝑀 → 𝑇) are analyzed separately over irrigated and non-irrigated areas. Because the time-
varying multivariate information flow rates are not normalized, the analysis focuses mainly on how
they evolve over time, how they change during extreme events, and how they differ across simulations
and between irrigated and non-irrigated regions, rather than on their absolute magnitude. Larger
values of 𝐼𝐹 (𝑆𝑀 → 𝑇) indicate stronger directional influence of soil moisture on temperature,
whereas lower values indicate weaker soil moisture control. Within the land–atmosphere coupling
system, changes in this quantity are used to assess how irrigation modifies the coupling between land
surface drying, surface flux partitioning, and near-surface temperature during CDHEs.
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5.3 Results

5.3.1 Irrigation impact on compound dry-hot events statistics

Irrigation produces a distinct summer cooling signal and enhances evaporative losses over heavily
irrigated regions. As shown in Fig. 5.2, mean JJA temperature in the CTL simulation exceeds that
in both irrigation simulations by up to 0.5 K over grid points with irrigation amounts exceeding
50 mm month−1. This cooling signal extends beyond the most intensively irrigated areas, although
with smaller magnitudes of around 0.1 K in surrounding regions. The spatial patterns differ between
the two irrigation simulations, with HWU_S producing broader cooling over the Iberian Peninsula
and HWU_W showing stronger effects in the Mediterranean region. Consistent with this temperature
response, both HWU simulations show lower 𝑃 − 𝐸𝑇 values over irrigated areas, with a stronger de-
crease in HWU_S, indicating enhanced evapotranspiration under irrigation. In contrast, the irrigation
effect on seasonal mean soil moisture is more localized and weaker than its effect on temperature or
evapotranspiration. Positive soil moisture anomalies are largely confined to irrigated grid points and
generally remain below 0.05 𝑚3 𝑚−3 within the PRUDENCE regions. This relatively weak JJA mean
soil moisture signal likely reflects the rapid recycling of irrigation water through evapotranspiration,
which limits the accumulation of persistent seasonal soil moisture anomalies. These spatial differ-
ences indicate that the climatic response depends not only on the domain-integrated irrigation amount
but also on the spatial distribution and timing of irrigation forcing. A broader cooling footprint in
one region therefore, does not necessarily imply a stronger local coupling response.
CDHEs show pronounced spatial heterogeneity across Europe. Fig. 5.3 presents the multi-year mean
spatial distributions of CDHE occurrence and magnitude in the CTL simulation. Across the EU–
CORDEX domain, the mean number of CDHE days is about 12 days per year, and CDHE frequency
generally ranges from 5% to 20% during JJA. High CDHE occurrence is concentrated mainly in
southern Europe, especially over the Iberian Peninsula (IP), the Mediterranean region (MD), and
parts of the Balkan Peninsula, where CDHE frequency reaches 10%–20%. In contrast, Atlantic
coastal regions such as BI and eastern France experience fewer compound events. The spatial pattern
of CDHE magnitude differs partly from that of occurrence. The maximum duration of individual
CDHEs ranges from 2 to 10 days on average, with the longest events occurring in regions such
as France (FR), the Mediterranean (MD), and Scandinavia (SC). Similarly, cumulative heat during
CDHEs is largest in FR, ME, and SC, reaching about 20–30 K per year on average. These results
indicate that hotspots of CDHE occurrence and magnitude are not fully co-located across Europe.
Relative to the irrigation simulations, the CTL run generally exhibits stronger CDHE characteristics
over heavily irrigated regions. As shown in Fig. 5.3, both HWU simulations reduce CDHE frequency
and event duration in intensively irrigated parts of IP and MD. In these regions, the CTL simulation
shows CDHE frequencies that are more than 5% higher and annual CDHE totals that are about
two days larger than those in the HWU simulations. Differences between HWU_W and HWU_S
are smaller but still visible. HWU_W produces a stronger reduction in CDHE occurrence over
MD, whereas HWU_S shows a somewhat stronger reduction in CDHE magnitude over IP. Overall,
irrigation weakens both the occurrence and persistence of CDHEs, but the spatial response depends
on the prescribed irrigation pattern and intensity.
Irrigation impacts on CDHE statistics are strongly localized and become much clearer when irrigated
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Figure 5.2: June–July–August (JJA) mean soil moisture, temperature, and P - ET for 1990–2022 in
the control simulation (CTL) and their differences relative to the two human water use simulations.
Panels (a), (d), and (g) show the multi-year JJA mean state in CTL. Panels (b), (e), and (h), and panels
(c), (f), and (i), show CTL minus HWU_S and CTL minus HWU_W, respectively, so positive values
indicate larger quantities in CTL than in the corresponding irrigation simulation. Rows correspond
to soil moisture, temperature, and P - ET, respectively.
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Figure 5.3: Multi-year June–July–August (JJA) statistics of compound dry-hot events (CDHEs) for
1990–2022 in the control simulation (CTL) and their differences relative to the two human water use
simulations. The first column shows the mean CDHE statistics in CTL. The second and third columns
show CTL minus HWU_S and CTL minus HWU_W, respectively, so positive values indicate higher
CDHE statistics in CTL than in the corresponding irrigation simulation. Rows correspond to annual
total CDHE days, CDHE frequency, maximum CDHE duration, and annual cumulative heat during
CDHEs, respectively. 84
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and non-irrigated grid points are analyzed separately. Fig. 5.4 and Fig. 5.11 compare domain-averaged
CDHE statistics for non-irrigated (Non-IRR), irrigated (IRR), and all grid points combined (ALL)
across the four highly irrigated PRUDENCE regions. When all grid points are aggregated, differences
between CTL and the two HWU simulations are generally small, indicating that the irrigation signal
is substantially diluted at the regional scale. In contrast, clearer contrasts emerge over irrigated
grid points. For example, in both IP and AL, the HWU simulations show lower median CDHE
days over IRR grid points than CTL, whereas differences over Non-IRR grid points remain weak
or even negligible. Similar behavior is found for the other CDHE metrics in Fig. 5.11, confirming
that irrigation mainly modifies compound extremes locally over irrigated land rather than uniformly
across whole regions. One exception occurs in the IP region, where cumulative heat during CDHEs
over irrigated grids is slightly higher in the HWU simulations than in CTL by about 2 K.
To further quantify how irrigation intensity affects the underlying climate variables, Fig. 5.5 relates
monthly irrigation amount to changes in temperature and soil moisture over irrigated grid points in
the IP region. The temperature response shows a clear cooling signal that strengthens with increasing
irrigation amount. This effect is stronger for daily maximum temperature (𝑇𝑀𝐴𝑋) than for daily mean
temperature. As irrigation increases from 10 to 80 mm month−1, the mean cooling in daily mean
temperature increases from less than 0.1 K to about 0.5 K, while the cooling in 𝑇𝑀𝐴𝑋 reaches about
1 K on average and up to 3 K locally. The density distributions also shift systematically toward larger
positive CTL minus HWU differences with increasing irrigation, confirming stronger cooling under
stronger irrigation.
The soil moisture response is more asymmetric. Changes in daily mean soil moisture remain
comparatively weak, whereas daily minimum soil moisture (𝑆𝑀𝑚𝑖𝑛) increases much more clearly
with irrigation amount. The distribution of 𝑆𝑀𝑚𝑖𝑛 differences is right-skewed, and the binned means
indicate an approximately linear increase with irrigation intensity, reaching up to 0.04 m3 m−3 at
about 100 mm month−1. This contrast suggests that irrigation affects soil moisture extremes more
strongly than seasonal or daily mean soil moisture conditions. This helps explain why irrigation
can substantially reduce dry extremes and CDHE statistics even when the JJA mean soil moisture
response remains modest.
Irrigation systematically reduces both the occurrence and magnitude of CDHEs over heavily irrigated
grid points. Fig. 5.6 illustrates this relationship for the IP region by relating irrigation amount
to differences in CDHE statistics between CTL and the two HWU simulations. The distributions
are generally skewed toward positive CTL minus HWU values, indicating that CDHE occurrence
and intensity are typically greater in CTL than under irrigation. At irrigation amounts of around
40 mm month−1, HWU_W reduces annual CDHE days by about 2 days and CDHE frequency by
about 5% on average, while HWU_S reduces them by about 2.5 days and 7.5%, respectively. Locally,
CDHE days decrease by up to 10 days per year and CDHE frequency by up to 20%. Irrigation
also weakens CDHE magnitude, although the response is less sensitive to irrigation amount than the
occurrence metrics. At around 40 mm month−1, the annual maximum CDHE duration is shortened
by about 1 day and cumulative heat during CDHEs is reduced by about 5 K on average.
The relationship between irrigation amount and CDHE response is approximately linear at low to
moderate irrigation levels, but becomes less sensitive to further increases in irrigation beyond about
40 mm month−1. Similar patterns are also found in AL, MD, and EA, although the response is stronger
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Figure 5.4: Domain-averaged annual CDHE days under the control simulation (CTL) and the two
human water use simulations (HWU_W and HWU_S) across four regions: IP (Iberian Peninsula),
AL (Alps), MD (Mediterranean), and EA (Eastern Europe). Box plots represent the distribution of
CDHE days for three land-use categories: Non-IRR (non-irrigated areas), IRR (irrigated areas), and
ALL (combined areas). The boxes show the interquartile range (IQR), the horizontal line within
each box represents the median, and the whiskers extend to 1.5 times the IQR. Outliers are shown as
individual dots. Orange indicates the CTL simulation, while blue and green indicate the HWU_W
and HWU_S simulations, respectively. The x-axis labels denote the land-use categories, and the
y-axis shows CDHE days in units of days per year.
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Figure 5.5: Joint density distributions of monthly irrigation amount and differences in climate
variables between the control simulation and the two human water use simulations over grid points
with irrigation amounts exceeding 10 mm/month in the Iberian Peninsula (IP). Differences are defined
as CTL minus HWU, with HWU_W shown in the first row and HWU_S in the second row. Warmer
colors indicate higher point density, and the overlaid black curve shows the binned mean response
as a function of irrigation amount. Columns correspond to daily mean 2-m air temperature, daily
maximum 2-m air temperature (T_MAX), daily mean soil moisture, and daily minimum soil moisture
(SM_min), respectively.

in AL and MD than in IP. For example, at around 40 mm month−1, the mean reduction in CDHE
frequency in AL is about 10%, nearly twice that in IP. Fig. 5.14 further shows that irrigation reduces
both hot and dry days, but the reduction is much stronger for dry days. At around 40 mm month−1,
both HWU simulations show about 15 fewer dry days than CTL, whereas the reduction in hot days is
only about 1 day on average. In some grid points, irrigation completely removes the occurrence of
dry days within a month, with reductions reaching up to 30 days, while the maximum reduction in
hot days remains much smaller. This indicates that the mitigation of CDHEs is driven more strongly
by the reduction of dry conditions than by the suppression of hot extremes alone.
Overall, these results show that irrigation moderates CDHEs mainly by enhancing evapotranspiration
and shifting surface energy partitioning toward latent heat fluxes. This results in surface cooling and
reduces the occurrence and intensity of CDHEs in heavily irrigated regions. However, these effects
remain spatially localized and become less visible when aggregated over large spatial domains.

5.3.2 Impact of irrigation on land–atmosphere coupling strength

Irrigation weakens the event-scale increase in 𝐼𝐹 (𝑆𝑀 → 𝑇) during the 2003 CDHE in the Iberian
Peninsula. Here, changes in 𝐼𝐹 (𝑆𝑀 → 𝑇) refer specifically to changes in the conditional directional
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Figure 5.6: Joint density distributions of monthly irrigation amount and differences in CDHE metrics
between the control run and the two human water use runs over grid points with irrigation amounts
exceeding 10 mm month−1 in the Iberian Peninsula (IP). Differences are defined as CTL minus HWU,
with HWU_W shown in the first row and HWU_S in the second row. Warmer colors indicate higher
point density, and the overlaid black curve shows the binned mean response as a function of irrigation
amount. Columns show annual total CDHE days, CDHE frequency, CDHE maximum duration, and
annual cumulative heat during CDHEs, respectively.

influence of soil moisture on temperature, with ET and incoming shortwave radiation treated as
conditioning variables. Fig. 5.7 shows the hourly evolution of 𝐼𝐹 (𝑆𝑀 → 𝑇) and soil moisture
over irrigated and non-irrigated areas in IP during JJA 2003. In all three simulations, increases in
𝐼𝐹 (𝑆𝑀 → 𝑇) coincide with declining soil moisture and rising temperature, with prominent peaks
occurring during early June, late June, mid July, and especially during the August CDHE period. As
the event intensified in early August, 𝐼𝐹 (𝑆𝑀 → 𝑇) increased rapidly and remained elevated until
precipitation after mid-August raised soil moisture and sharply reduced the information flow rate.
Differences between irrigated and non-irrigated areas are most evident during the event period. In
CTL, irrigated areas show slightly higher 𝐼𝐹 (𝑆𝑀 → 𝑇) than non-irrigated areas during the peak
of the CDHE, indicating a stronger soil moisture control on temperature under severe drying. In
HWU_W, by contrast, irrigated areas maintain consistently lower 𝐼𝐹 (𝑆𝑀 → 𝑇) throughout most of
JJA, suggesting that irrigation suppresses the event-scale strengthening of soil moisture–temperature
coupling by sustaining wetter soils. A similar contrast is much weaker in HWU_S, consistent with
its lower prescribed irrigation amount. Because the time-varying information flow rates are not
normalized, the comparison here focuses mainly on temporal evolution and relative contrasts between
simulations rather than on absolute magnitudes alone.
The 2003 event was associated with a much stronger 𝐼𝐹 (𝑆𝑀 → 𝑇) signal than climatological condi-
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Figure 5.7: Domain-averaged hourly time series of 𝐼𝐹 (𝑆𝑀 → 𝑇) (units: nats per hour) (a), soil
moisture (b), and precipitation (c) over the Iberian Peninsula (IP) during June–July–August (JJA)
2003 in the control simulation (CTL) and the two human water use simulations (HWU_W and
HWU_S). Brown, yellow, and green lines denote CTL, HWU_W, and HWU_S, respectively. Dashed
lines denote irrigated grid points (IRR; irrigation amount > 10 mm/month), and solid lines denote
non-irrigated grid points (NONIRR; irrigation amount < 10 mm/month).

tions. Fig. 5.8 compares the 2003 time series with the multi-year mean over the same calendar period
in CTL and HWU_W. In both simulations, the 2003 event clearly stood out from the climatological
background, with 𝐼𝐹 (𝑆𝑀 → 𝑇) increasing at event onset, peaking during the mature phase of the
CDHE, and decreasing rapidly after the event ended around August 15. This confirms that the 2003
CDHE was accompanied by an exceptional strengthening of soil moisture control on temperature. The
contrast between CTL and HWU_W is strongest over irrigated grid points. In CTL, 𝐼𝐹 (𝑆𝑀 → 𝑇)
reaches a peak of about 0.08 during the event and drops to about 0.015 afterward, indicating both a
stronger peak response and larger temporal variability. In HWU_W, the peak is lower, around 0.05,
and post-event values remain higher, near 0.02, implying a weaker event-scale amplification. Multi-
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year means over the same period also remain lower over irrigated than over non-irrigated grid points
in HWU_W. Consistent with this, the probability distributions shown in Fig. 5.16 shift toward lower
values over irrigated areas, especially in IP and AL, where the median information flow rate during
the 2003 event is about 50% lower than over non-irrigated areas. In MD and EA, by contrast, these
differences are much smaller. Together, these results indicate that irrigation most strongly weakens
soil moisture–temperature coupling where both irrigation intensity and CDHE severity are high.

Figure 5.8: Domain-averaged time series of 𝐼𝐹 (𝑆𝑀 → 𝑇) (units in nats h−1) over irrigated and non-
irrigated grid points during the 2003 CDHE period and the corresponding multi-year mean seasonal
window. The first row (a) and (b) show irrigated grid points and the second row (c) and (d) show
non-irrigated grid points; CTL and HWU_W are shown in separate panels. The red line denotes the
2003 time series, and the blue line denotes the multi-year mean for the same calendar period excluding
2003. Blue shading indicates the central 95% range across the multi-year mean. The pre-event period
spans 26 July to 2 August 2003, and the post-event period spans 15 August to 21 August 2003.
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5.4 Discussion

5.4.1 Irrigation impact on compound dry-hot events

The long-term TSMP simulations show that CDHEs are strongly heterogeneous across Europe, and
that the spatial patterns of event occurrence and event magnitude are only partly aligned. Regions such
as IP and MD experience frequent CDHEs, whereas FR, ME, and SC show particularly long events
or high cumulative heat during CDHEs. This distinction suggests that different aspects of compound
extremes are controlled by different combinations of land surface dryness, atmospheric forcing, and
event persistence. It is also noteworthy that SC emerges as a hotspot for both CDHE occurrence and
magnitude, despite not being traditionally associated with such extreme events (Schmutz et al., 2025;
Böhnisch et al., 2023). This further indicates that regions outside the classical southern European
hotspot areas may still experience substantial compound event risk, even when the total number of
events is lower (Ionita et al., 2021; Rousi et al., 2023).
Irrigation reduces CDHE occurrence and intensity mainly through two processes. First, it directly
alleviates soil moisture deficits, which weakens dry extremes at irrigated grid points. Second, it
enhances evapotranspiration and shifts surface energy partitioning toward latent heat fluxes, thereby
suppressing near-surface temperature extremes. As a result, CDHEs become both less frequent and
less intense under the impact of irrigation. This interpretation is consistent with previous modeling
studies showing that irrigation cools the land surface and modifies regional hydroclimate through
land–atmosphere interactions (Qian et al., 2020; Asmus et al., 2023; Yao et al., 2025). Our results
further show that this mitigation is asymmetric, with stronger effects on very dry soil conditions and
high temperature extremes than on mean seasonal states, consistent with earlier studies showing that
climate extremes respond more strongly to the irrigation effect than mean seasonal conditions (Thiery
et al., 2020; de Vrese and Stacke, 2020).
The results also indicate that the effects of irrigation become more pronounced with increasing irriga-
tion intensity. As shown in Fig. 5.14, the mitigation effect of CDHEs increases approximately linearly
with prescribed irrigation amount, after which the response becomes less sensitive to additional irri-
gation (Böhnisch et al., 2025). This behavior suggests that irrigation effectiveness is strongest in the
low to moderate range, while additional water inputs beyond that threshold yield smaller incremental
reductions in compound extremes. The stronger reduction in dry days than in hot days also indi-
cates that the primary pathway of CDHE mitigation begins with direct soil moisture replenishment,
whereas the temperature response is mediated through subsequent changes in evapotranspiration and
surface energy partitioning (Liu et al., 2024a; Cheung et al., 2024). In this case, the reduction of dry
extremes appears to be the more immediate component of the irrigation signal, while the reduction
of hot extremes reflects a secondary but physically connected response. This finding may be relevant
for irrigation planning in both agricultural management and climate adaptation aimed at reducing the
risks of compound extreme events (Wang et al., 2019a; Liu et al., 2024b).
At the same time, the effects of irrigation remain predominantly local within the European domain.
The clearest differences between CTL and the HWU simulations appear over irrigated grid points,
whereas the signal becomes much weaker when averaged over whole PRUDENCE regions. This
spatial attenuation likely reflects the fragmented distribution and moderate intensity of irrigation in
Europe, together with the strong influence of large-scale atmospheric variability (Asmus et al., 2023;
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Zhang et al., 2024). Compared with regions such as India, northern China, or parts of the United
States, where irrigation occupies larger continuous areas and can exert stronger regional climatic
effects (Kang and Eltahir, 2019; Fletcher et al., 2022; Yang et al., 2020), European irrigation is less
likely to generate a coherent large-scale signal. Our results therefore support the interpretation that
irrigation modifies CDHEs primarily through local land surface processes, while its influence remains
limited at broader regional scales across Europe (Keune et al., 2018; de Vrese and Stacke, 2020; Pop
et al., 2025).

5.4.2 Irrigation impact on land–atmosphere coupling relationships

While the statistical analysis quantifies the effects of irrigation on CDHE frequency and magnitude,
the L–K information flow framework provides a process-level interpretation by diagnosing how
irrigation modifies the directional influence of soil moisture on temperature. Relative to the CTL
simulation, lower 𝐼𝐹 (𝑆𝑀 → 𝑇) values are found in highly irrigated parts of IP and AL in the
HWU_W simulation, particularly over irrigated grid points. This indicates that irrigation weakens
the event-scale strengthening of soil moisture control on temperature under severe drying conditions.
As shown in Fig. 5.8, irrigation reduces the amplitude of coupling variability during CDHEs and
suppresses the strongest peaks in 𝐼𝐹 (𝑆𝑀 → 𝑇), consistent with a weaker amplification of temperature
variability by soil moisture deficits under irrigation (Song et al., 2024).
From an information flow perspective, stronger and more dynamically relevant variability in the
source variable can contribute to a larger directed influence on the target variable, depending on the
covariance structure and system dynamics (Ruddell and Kumar, 2009a). By maintaining wetter and
more stable soil moisture conditions, irrigation weakens the directional influence of soil moisture
on temperature. At the same time, wetter soils and enhanced evapotranspiration help maintain more
energy-limited surface conditions, thereby suppressing near-surface temperature under hot conditions
and limiting the development and amplification of CDHEs (Zhang et al., 2020; Liu and Wang, 2023).
Lower 𝐼𝐹 (𝑆𝑀 → 𝑇) values should therefore be interpreted as a weaker directional influence of soil
moisture on temperature during the events (Liang, 2021; Takaya et al.).
Although previous studies have identified more pronounced effects of irrigation in regions such as
the United States, India, and China (Kang and Eltahir, 2019; Fletcher et al., 2022; Yang et al., 2020),
our results confirm that irrigation effects remain spatially localized in Europe, consistent with the
CDHE statistics discussed above. The weaker coupling response in HWU_S does not contradict the
conclusion that irrigation mitigates CDHEs through modified soil moisture–temperature coupling.
Rather, it indicates that the coupling response depends on irrigation intensity (Yang et al., 2019).
Because HWU_S prescribes less irrigation than HWU_W, it produces smaller increases in soil
moisture and correspondingly weaker reductions in 𝐼𝐹 (𝑆𝑀 → 𝑇) over irrigated areas. A weaker
reduction in 𝐼𝐹 (𝑆𝑀 → 𝑇) in HWU_S does not imply a weaker climatic response in every metric or
region. The information flow metric specifically tracks the conditional directional influence of soil
moisture on temperature, which depends on how irrigation alters soil moisture variability, covariance
structure, and the associated surface flux partitioning, rather than on temperature anomalies alone
(Liang, 2021; Zhou et al., 2024). Differences between HWU_W and HWU_S therefore, might reflect
not only in total irrigation amount, but also in the spatial distribution of irrigation and in how strongly
irrigation reshapes the local soil moisture–temperature coupling pathway.
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Importantly, the irrigation-induced reduction in soil moisture–temperature coupling is more pro-
nounced during extreme conditions than during the climatological background state. During the
2003 CDHE, the contrast in 𝐼𝐹 (𝑆𝑀 → 𝑇) between irrigated and non-irrigated areas is reduced in
HWU_S relative to CTL, even though irrigated areas may still show higher absolute values. This sug-
gests that the control of soil moisture on temperature intensifies during CDHEs, thereby amplifying
the relative influence of irrigation during these periods (Maraun et al., 2025). In this sense, extreme
conditions provide a clearer window into how changes in soil moisture variability affect directional
information transfer within the coupled system (Kumar and Ruddell, 2010). This interpretation is
consistent with the asymmetric irrigation effects on dry and hot extremes discussed above. The present
analysis shows that the L–K information flow framework can be used not only to diagnose abrupt
hydroclimatic disturbances, but also to assess the influence of persistent anthropogenic perturbations
in fully coupled regional climate simulations. Although the shift in 𝐼𝐹 (𝑆𝑀 → 𝑇) during CDHEs
is larger than its change caused by irrigation, the results show that information flow can still detect
the irrigation signal and is therefore useful for diagnosing coupling changes in model simulations
(Goodwell and Bassiouni, 2022; Ruddell et al., 2019). Here, the comparison is between two changes
in 𝐼𝐹 (𝑆𝑀 → 𝑇): the event-related change during CDHEs, and the additional change caused by
irrigation. The latter is smaller, but still detectable.

Despite the advantages of TSMP as a fully coupled model that explicitly represents interactions from
groundwater to the atmosphere, uncertainties across simulations remain substantial. These uncer-
tainties may contribute to the different 𝐼𝐹 (𝑆𝑀 → 𝑇) responses found in the two HWU simulations
within the same region. In addition, both HWU simulations show weak increases in information
flow outside the main irrigated areas, particularly over parts of France. Previous studies have shown
that even relatively localized human water use can alter moisture transport and terrestrial hydrology,
thereby affecting both local and surrounding climate responses (Keune et al., 2018, 2019). The signal
outside irrigated areas likely reflects such secondary adjustments in circulation and moisture balance
rather than the primary local irrigation effect itself.

Preliminary results for the AL region suggest that irrigation impacts on soil moisture–temperature
coupling may involve different mechanisms under different soil moisture regimes, although a more
detailed analysis lies beyond the scope of this study. It should also be noted that information flow
magnitudes across simulations are not directly comparable because the metric used here is not
normalized. Although normalized information flow formulations have been proposed (Liang, 2015,
2021), they have not yet been incorporated into the time-varying multivariate L–K information flow
framework used in this study.

Additional limitations arise from the irrigation implementation itself. In TSMP, irrigation is pre-
scribed as a spatially averaged monthly amount rather than being dynamically triggered by local soil
moisture conditions, which limits the representation of sub-monthly irrigation dynamics and may
reduce realism (Asmus et al., 2023). Vegetation responses, such as changes in leaf area index or crop
phenology, are also not represented. These simplifications are largely imposed by data availability,
but they should be taken into account when interpreting the magnitude and spatial structure of the
simulated irrigation effects (Kala et al., 2014).
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5.5 Conclusion

This study investigates how irrigation modifies compound dry-hot events (CDHEs) and land–
atmosphere coupling across Europe using fully coupled TSMP simulations. The results show that
irrigation reduces the occurrence and magnitude of CDHEs mainly by increasing soil moisture, en-
hancing evapotranspiration, and suppressing temperature extremes. This mitigation effect is strongest
in heavily irrigated regions and is expressed most clearly at irrigated grid points, while the signal be-
comes much weaker when averaged over larger spatial domains. These results indicate that irrigation
influences CDHEs primarily through local land surface processes and that its effects remain strongly
localized across Europe.
The Liang–Kleeman (L–K) information flow framework provided a process-level perspective on
these responses by diagnosing how irrigation modifies the directional influence of soil moisture on
temperature during extreme events. The analysis shows that irrigation mitigates the intensification of
soil moisture–temperature coupling during CDHEs, especially in regions under both strong irrigation
impact and severe extreme conditions. In this way, the statistical analysis shows that irrigation reduces
the occurrence and intensity of CDHEs, while the information flow analysis further reveals that this
is because irrigation reduces the directional influence of soil moisture on temperature under irrigated
conditions. More broadly, this study demonstrates that the L–K information flow framework can serve
as a useful process-level diagnostic tool for investigating how long-term anthropogenic perturbations
modify simulated land–atmosphere interactions. These findings are relevant for understanding how
irrigation may affect compound extremes under regional climate change, while also highlighting
the importance of representing human water management using a fully-coupled regional climate
modeling framework.
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5.6 Supplementary Material

Figure 5.9: Averaged total amount of irrigation (unit in mm) in June-July-August (JJA) from 1990
to 2014 used in the TSMP simulations from (a) Siebert and Döll (2010); (b) Wada et al. (2016); (c)
Difference in irrigation amount (HWU_S - HWU_W).

Figure 5.10: Domain-sum of monthly irrigation amount over the EU-CORDEX domain in 2003 as an
example. The blue bar represents the irrigation dataset from Siebert and Döll (2010) (HWU_S) while
the orange one represents the dataset from Wada et al. (2016) (HWU_W). (a) is the total irrigation
by month in 2003 and (b) shows the annual total amount in 2003. The unit is in 103𝑚𝑖𝑙𝑙𝑖𝑜𝑛 m3.
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Figure 5.11: The same as Figure 5.4 but for CDHE frequency (a), CDHE maximum duration (b) and
the cumulative heat during CDHE per year (c), respectively.
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Figure 5.12: The same as Figure 5.5 but in AL (a), MD (b), and EA (c).
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Figure 5.13: The same as Figure 4.6 but in AL (a), MD (b), and EA (c).

98



5.6. Supplementary Material

Figure 5.14: Density distribution map for the number of hot (a) or dry (b) days between the control
run (CTL) and two human water use runs (HWU_W in the first row/HWU_S in the second row), and
monthly irrigation amount in grid points with irrigation amount larger than 10 mm/month in the IP,
AL, MD and EA respectively.

99



Chapter 5. Can Irrigation Alter Extreme Heat and Drought? A Causal Exploration of the 2003
European Compound Dry-Hot Event

Figure 5.15: Domain-averaged hourly time series of 2-meter temperature and precipitation in IP in
2003 summer (JJA) in Control run (CTL), Human water use run with irrigation from Wada et al. (2016)
(HWU_W), Human water use run with irrigation from Siebert et al. (2010) (HWU_S), using brown,
yellow, and green, respectively. The dashed line represents the domain-averaged time series over all
the grid points with irrigation larger than 10mm/month (IRR) and the solid line represents domain
averaged time series over all the grid points with irrigation smaller than 10mm/month (NONIRR).
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Figure 5.16: The probability density plots of the domain averaged daily 𝐼𝐹 (𝑆𝑀 → 𝑇) during 2003
CDHE in the HWU_W run in non-irrigated grid points (the red shade) and irrigated grid points (the
green shade). (a). IP; (b). AL; (c). MD; (d). EA. The unit of information flow rate is in nats h−1.
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Figure 5.17: Differences in the mean 𝐼𝐹 (𝑆𝑀 → 𝑇) between CTL and the two HWU runs during
2003 CDHE; (a): HWU_W - CTL; (b): HWU_S - CTL. The two black boxes indicate the two
heavily irrigated regions: Ebro River basin and Po River basin. The unit of information flow rate is
in nats h−1.
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Conclusion

6.1 Summary

This thesis shows that land–atmosphere coupling over Europe varies systematically with hydroclimatic
background, extreme conditions, and human intervention. It reveals that cloud moisture dynamics
mediate how evapotranspiration influences atmospheric moisture evolution. This relationship varies
across contrasting hydroclimatic regimes in Europe and under different atmospheric moisture advec-
tion conditions. Using the Liang–Kleeman (L–K) information flow framework, the thesis further
demonstrates that near-surface temperature variability is governed mainly by radiative forcing across
much of Europe, but during compound dry-hot events (CDHEs), the directional causal influence of
soil moisture on temperature strengthens remarkably, indicating a shift toward stronger soil mois-
ture control under severe drying conditions. It also demonstrates that irrigation locally modifies
land–atmosphere coupling by increasing soil moisture and evapotranspiration, enhancing evaporative
cooling, weakening the directional influence of soil moisture on temperature, and thereby reducing
the intensification of CDHEs in heavily irrigated regions. As summarized in Fig. 6.1, these findings
suggest that the coupled land–atmosphere system shifts from a background energy-limited state and
a more water-limited state under different climate conditions, with irrigation locally moderating this
transition.
In Chapter 3, a new land–atmosphere coupling analysis framework is developed to explain the role
of cloud processes in the moisture coupling chain using the fully coupled regional climate model
TSMP simulation over Europe. The analysis reveals clear relationships between evapotranspiration,
total cloud water content, and the temporal evolution of cloud water, indicating that cloud moisture
dynamics act as an atmospheric intermediary linking land surface moisture fluxes to atmospheric
processes. When the simulation outputs are categorized by soil wetness and atmospheric moisture
advection conditions, two distinct scaling relationships between evapotranspiration and the temporal
evolution of cloud water emerge across Europe, with a pronounced north–south contrast that broadly
corresponds to energy-limited and water-limited evapotranspiration regimes. This pattern highlights
the key role of soil moisture conditions in modulating local moisture flux coupling, while also showing
that atmospheric moisture advection alters both the strength and scaling of this coupling. Overall,
these results show that cloud moisture dynamics form an important link in the land–atmosphere
coupling chain and that both soil moisture conditions and atmospheric moisture transport regulate
the interaction between land surface fluxes and atmospheric processes.
In Chapter 4, this thesis investigates how the controls on near-surface temperature reorganize across
space and time during compound dry-hot events (CDHEs) using multi-decadal TSMP simulations
over Europe. The chapter applies a multivariate time-varying Liang–Kleeman (L–K) information
flow framework to quantify the directional influences of soil moisture and shortwave radiation on
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near-surface air temperature. The results show that under normal conditions, temperature variability
over much of Europe is governed mainly by the radiative pathway, indicating a predominantly energy-
limited regime, whereas southwestern Europe shows relatively stronger soil moisture control and thus
more water-limited regimes. During CDHEs, however, these controls change systematically: the
directional influence of soil moisture on temperature strengthens, while that of shortwave radiation
weakens, especially in France and the Mid-Europe during such severe events. This transition indicates
a reorganization of the controlling pathways on temperature under compound dry-hot conditions, with
soil moisture exerting stronger control on temperature and the system shifting toward more water-
limited conditions. The analysis further finds that this transition is dynamic and reversible, as
precipitation can rapidly suppress the strengthened soil moisture influence and restore more energy-
limited conditions. Overall, this chapter demonstrates that land–atmosphere coupling during CDHEs
is strongly state dependent, with information flow providing a physically interpretable way to track
how the controls on temperature reorganize during extreme events.
In Chapter 5, the thesis extends the causal analysis framework proposed in Chapter 4 to evaluate
how irrigation affects the CDHEs and modifies land–atmosphere coupling. Fully coupled TSMP
simulations with and without irrigation forcing have been conducted for the period 1990–2022 to
quantify the climatic impacts of irrigation across Europe. Irrigation increases soil moisture and
evapotranspiration while reducing temperature. These changes result in a shift in surface energy par-
titioning toward enhanced evaporative cooling, which weakens the positive soil moisture–temperature
feedback that amplifies heat extremes. As a result, irrigation attenuates the shift toward stronger soil
moisture control during CDHEs, but this effect remains spatially heterogeneous and is largely con-
fined to heavily irrigated regions because irrigation in Europe is limited in both extent and intensity.
The causal information flow analysis further shows that irrigation reduces the strength of the soil
moisture–temperature coupling during CDHEs, thereby moderating the feedback mechanisms iden-
tified in Chapter 4. Overall, these findings show that human water management can locally reshape
land–atmosphere coupling and moderate the development of CDHEs.
Overall, this thesis demonstrates that land–atmosphere coupling over Europe is not static, but varies
with hydroclimatic background conditions, such as extreme events, and human interventions. By
combining fully coupled regional climate model simulations with process-based and causal analyses,
the thesis advances current understanding of land–atmosphere coupling in three ways. First, it
identifies cloud moisture dynamics as an important intermediate atmospheric process that is often
missing from existing analyses. Second, it shows how the direction and strength of coupling reorganize
during compound dry-hot events. Third, it demonstrates that human water management can locally
reshape these coupling dynamics. These results provide a process-based understanding of how
land–atmosphere coupling varies across contrasting hydroclimatic regimes and extreme conditions,
and highlight the importance of combining fully coupled modeling with causal diagnostic methods
in future assessments of regional climate variability and human–climate interactions.

6.2 Limitations and outlook

While these findings advance the understanding of land–atmosphere coupling, their interpretation
should take into account several limitations related to model dependence, the assumptions and scope
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Figure 6.1: Conceptual schematic of land–atmosphere coupling under normal climate conditions
(left) and during compound dry–hot events (CDHEs) (right), illustrating a transition of the land–
atmosphere system from an energy-limited regime to a water-limited regime. Under background
climate conditions, surface temperature variability is primarily regulated by radiative forcing and
atmospheric moisture processes. During CDHEs, however, the system shifts toward a water-limited
state in which soil moisture deficits increasingly constrain evapotranspiration and amplify land–
atmosphere feedbacks. This regime transition highlights the evolving control of land surface processes
on temperature extremes. Irrigation can locally modify this transition by increasing soil moisture and
evapotranspiration, thereby altering the land–atmosphere coupling dynamics during extreme events.
Orange arrows represent surface energy flux feedbacks (e.g., surface heating and evaporative cooling).
Green arrows indicate evapotranspiration. Dark blue arrows denote subsurface moisture feedbacks that
regulate soil moisture availability, while light blue arrows represent atmospheric moisture feedbacks
such as cloud processes and precipitation. Red arrows indicate incoming shortwave radiation as the
primary surface energy input.

of the causal analysis framework, limited observational evaluation, and the necessary simplification
of irrigation and broader land management variables. In this thesis, all analyses and findings are in-
herently derived from the physics and parameterizations applied within COSMO, CLM, and ParFlow.
Although previous studies have demonstrated that TSMP can realistically represent regional climate
dynamics and land–atmosphere interactions given a fully coupled modeling setup, the robustness
of the analysis should be further evaluated across different model configurations. Furthermore, the
proposed coupling diagnostics have not been evaluated against observational datasets. While reanal-
ysis products such as ERA5 or ERA5-Land offer the closest alternative, independent observational
datasets that provide a long-term record for soil moisture, temperature, shortwave radiation, and
evapotranspiration remain scarce (Ferguson et al., 2012). For example, FluxNET observations can
be used to evaluate local surface flux behaviour, but their sparse spatial coverage and discontinuous
records limit their suitability for validating large-scale coupling diagnostics (Pastorello et al., 2020).
Meanwhile, the internal variability within the modeling system may also lead to divergent behavior
across simulations (Deser, 2020). As shown in Chapter 5, the L–K information flow framework
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revealed different responses of coupling strength to irrigation impacts between the two human water
use scenarios. While these differences may reflect the impact of different irrigation amounts or
schemes, part of the signal likely arises from unresolved uncertainties in the model system itself, such
as uncertainties in the representation of coupled land–atmosphere processes, subsurface and ground-
water dynamics, and boundary forcing (Furusho-Percot et al., 2022; Poshyvailo-Strube et al., 2024;
Kotlarski et al., 2014). An ensemble of TSMP simulations would help quantify such uncertainty
and assess the robustness of the inferred causal relationships (Hawkins and Sutton, 2009), but this is
always limited by the considerable computational cost of running fully coupled TSMP ensembles.

Apart from the dependence on TSMP simulations, the L–K information flow framework used in the
coupling analysis has several assumptions that may influence the interpretation of causal relationships.
First, the information flow rate is not normalized, limiting a direct comparison of the magnitudes
of information flow rates across different coupling pathways or datasets. Although normalized
information flow formulations have recently been developed (Liang, 2021), they are not yet integrated
into the time-varying multivariate formulation used in this work. Furthermore, the L–K information
flow analysis included only a limited set of processes and did not account for sensible heat flux, wind,
or large-scale atmospheric dynamics. The results therefore capture only part of the land–atmosphere
feedback system and neglected processes can affect the estimated information flows (Runge et al.,
2023). Future work should extend the framework to include a broader range of coupling pathways.
The robustness of the L–K information flow framework may also depend on sampling length and
temporal resolution, particularly when applied to relatively short event-based time series (Liang,
2014; Liang et al., 2020). Future studies should therefore evaluate the consistency of information
flow-based diagnostics by comparing them with alternative causal inference approaches, such as
transfer entropy or convergent cross mapping (Sugihara et al., 2012a).

Another limitation of this study relates to the simplified representation of irrigation in TSMP and
the limited scope of the irrigation impact analysis. In the current model configuration, irrigation
water is prescribed using externally derived datasets with fixed monthly amounts rather than being
adjusted in response to soil moisture or atmospheric conditions. In addition, the irrigation datasets are
derived from model-based estimates rather than direct observations or remote sensing datasets, which
introduces additional uncertainty (Siebert and Döll, 2010; Wada et al., 2016). The 12 km model
resolution further averages out the irrigation heterogeneity and represents irrigation effects only at
the grid-cell mean scale. Applying the causal diagnostics developed in this thesis to convection-
permitting coupled simulations, such as TSMP2 (Poll et al., 2025) at kilometer-scale resolution,
would allow a more detailed investigation of land–atmosphere feedbacks and their interaction with
mesoscale atmospheric processes.

Meanwhile, irrigation impacts on land–atmosphere coupling may be separated into short-term and
long-term components (Lawston-Parker et al., 2023b). This thesis mainly investigates short-term
irrigation responses associated with changes in soil moisture and surface energy partitioning. In
contrast, long-term irrigation effects arise from cumulative feedbacks over multi-decadal timescales
(Lu et al., 2017). These longer-term effects are more likely to modify the long-term background
land–atmosphere conditions, rather than directly control individual extreme events (Thiery et al.,
2017). Quantifying such long-term background changes is beyond the scope of this thesis but remains
an important topic for future research. In addition, irrigation frequency may influence soil moisture
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memory and surface flux responses, suggesting that future studies should explore how different
irrigation strategies and water management practices influence land–atmosphere coupling and regional
hydroclimate variability (Zhang et al., 2025). Moreover, irrigation impacts are mainly analyzed as
local responses at individual grid cells. In fact, irrigation-induced changes in near-surface temperature,
humidity, and turbulent fluxes can be transported by low-level winds and mesoscale circulations,
potentially affecting atmospheric conditions and land–atmosphere coupling in neighboring non-
irrigated regions (Lunel et al., 2024; Phillips et al., 2022). Future work should therefore quantify the
spatial extent of irrigation-induced atmospheric responses and assess whether these effects remain
local or contribute to modifications of regional-scale land–atmosphere coupling.
In addition to irrigation, human-induced land-use and land-cover change (LULCC) is also a major
driver of land–atmosphere coupling but it is not explicitly analyzed in this thesis (Seneviratne et al.,
2010). Cropland expansion, changes in vegetation types, and land management strategies alter surface
properties such as albedo, roughness length, rooting depth, and evapotranspiration capacity, thereby
modifying surface energy and water exchanges with the atmosphere (Pielke et al., 2011). In the
current analysis, LULCC scenarios are assumed to be static, which prevents the analysis of the joint
effects between irrigation and LULCC in a compound manner. In reality, irrigation expansion often
evolves at the same time as LULCC, and their combined impacts may differ from those induced by their
individual effects (Foley et al., 2005). Future work should therefore investigate their joint effects using
a combined time-varying LULCC and irrigation dataset by conducting sensitivity experiments using
TSMP. Applying the causal inference framework developed in this thesis to simulations that explicitly
account for both irrigation and LULCC would enable a clear attribution of human land management
impacts on land–atmosphere coupling and their role in shaping regional climate responses under
extreme events. Meanwhile, the vegetation dynamics, such as leaf area index (LAI) variability, are
not represented. A fixed annual LAI cycle is applied in the current simulations from 1979 to 2022,
but LULCC can also contribute to dynamics in LAI annual cycles (Kala et al., 2014). Irrigation is
expected to enhance vegetation growth and increase LAI; therefore, in irrigation simulations, the LAI
annual cycle should also evolve in response to the irrigation dynamics. Addressing these limitations
will be essential for improving the representation and evaluation of land–atmosphere coupling under
both natural variability and human intervention.

107





Bibliography

Bibliography

A. Al-Yaari, A. Ducharne, W. Thiery, F. Cheruy, and D. Lawrence. The Role of Irrigation Expansion
on Historical Climate Change: Insights From CMIP6. Earth’s Future, 10:e2022EF002859, 2022.
doi: 10.1029/2022EF002859.

G. Aaron Alexander, Heather A. Holmes, Xia Sun, Dani Caputi, Ian C. Faloona, and Holly J. Oldroyd.
Simulating land-atmosphere coupling in the Central Valley, California: Investigating soil moisture
impacts on boundary layer properties. Agricultural and Forest Meteorology, 317:108898, 2022.
doi: 10.1016/j.agrformet.2022.108898.

Richard P. Allan, Mathew Barlow, Michael P. Byrne, Annalisa Cherchi, Hervé Douville, Hayley J.
Fowler, Thian Y. Gan, Angeline G. Pendergrass, Daniel Rosenfeld, Abigail L. S. Swann, Laura J.
Wilcox, and Olga Zolina. Advances in understanding large-scale responses of the water cycle to
climate change. Annals of the New York Academy of Sciences, 1472:49–75, 2020. doi: 10.1111/
nyas.14337.

Clement Aga Alo and Guiling Wang. Potential future changes of the terrestrial ecosystem based
on climate projections by eight general circulation models. Journal of Geophysical Research:
Biogeosciences, 113, 2008. doi: 10.1029/2007JG000528.

Ross E. Alter, Ying Fan, Benjamin R. Lintner, and Christopher P. Weaver. Observational Ev-
idence that Great Plains Irrigation Has Enhanced Summer Precipitation Intensity and Totals
in the Midwestern United States. Journal of Hydrometeorology, 16:1717–1735, 2015a. doi:
10.1175/JHM-D-14-0115.1.

Ross E. Alter, Eun-Soon Im, and Elfatih A. B. Eltahir. Rainfall consistently enhanced around the
Gezira Scheme in East Africa due to irrigation. Nature Geoscience, 8:763–767, 2015b. doi:
10.1038/ngeo2514.

Anukesh Krishnankutty Ambika and Vimal Mishra. Modulation of Compound Extremes of Low Soil
Moisture and High Vapor Pressure Deficit by Irrigation in India. Journal of Geophysical Research:
Atmospheres, 126:e2021JD034529, 2021. doi: 10.1029/2021JD034529.

Christina Asmus, Peter Hoffmann, Joni-Pekka Pietikäinen, Jürgen Böhner, and Diana Rechid. Mod-
eling and evaluating the effects of irrigation on land-atmosphere interaction in South-West Europe
with the regional climate model REMO2020-iMOVE using a newly developed parameterization.
preprint, Climate and Earth system modeling, 2023.

Michael Baldauf, Axel Seifert, Jochen Förstner, Detlev Majewski, Matthias Raschendorfer, and
Thorsten Reinhardt. Operational Convective-Scale Numerical Weather Prediction with the COSMO
Model: Description and Sensitivities. Monthly Weather Review, 139:3887–3905, 2011. doi:
10.1175/MWR-D-10-05013.1.

109



Bibliography

Eric R. Beamesderfer, Christin Buechner, Celia Faiola, Manuel Helbig, Zulia Mayari Sanchez-
Mejia, Ana María Yáñez-Serrano, Yunyan Zhang, and Andrew D. Richardson. Advancing Cross-
Disciplinary Understanding of Land-Atmosphere Interactions. Journal of Geophysical Research:
Biogeosciences, 127:e2021JG006707, 2022. doi: 10.1029/2021JG006707.

David O. Benson and Paul A. Dirmeyer. The Soil Moisture–Surface Flux Relationship as a Factor
for Extreme Heat Predictability in Subseasonal to Seasonal Forecasts. Journal of Climate, 36:
6375–6392, 2023. doi: 10.1175/JCLI-D-22-0447.1.

A. Berg and J. Sheffield. Soil moisture–evapotranspiration coupling in cmip5 models: Relationship
with simulated climate and projections. Journal of Climate, 31:4865–4878, 2018. doi: 10.1175/
JCLI-D-17-0757.1.

Alexis Berg, Benjamin R. Lintner, Kirsten Findell, Sonia I. Seneviratne, Bart van den Hurk, Agnès
Ducharne, Frédérique Chéruy, Stefan Hagemann, David M. Lawrence, Sergey Malyshev, Arndt
Meier, and Pierre Gentine. Interannual Coupling between Summertime Surface Temperature and
Precipitation over Land: Processes and Implications for Climate Change. Journal of Climate, 28:
1308–1328, 2015. doi: 10.1175/JCLI-D-14-00324.1.

Alan K. Betts, Raymond Desjardins, Anton C. M. Beljaars, and Ahmed Tawfik. Observational study
of land-surface-cloud-atmosphere coupling on daily timescales. Frontiers in Earth Science, 3,
2015.

R. A. Betts, P. M. Cox, M. Collins, P. P. Harris, C. Huntingford, and C. D. Jones. The role
of ecosystem-atmosphere interactions in simulated Amazonian precipitation decrease and forest
dieback under global climate warming. Theoretical and Applied Climatology, 78:157–175, 2004.
doi: 10.1007/s00704-004-0050-y.

Gordon B. Bonan. Ecological Climatology: Concepts and Applications. 3 edition, 2016. doi:
10.1017/CBO9781107339200.

Timothy A. Bonin, Aditya Choukulkar, W. Alan Brewer, Scott P. Sandberg, Ann M. Weickmann,
Yelena L. Pichugina, Robert M. Banta, Steven P. Oncley, and Daniel E. Wolfe. Evaluation of turbu-
lence measurement techniques from a single Doppler lidar. Atmospheric Measurement Techniques,
10:3021–3039, 2017. doi: 10.5194/amt-10-3021-2017.

Julien Boé. Modulation of soil moisture–precipitation interactions over France by large scale circu-
lation. Climate Dynamics, 40:875–892, 2013. doi: 10.1007/s00382-012-1380-6.

Marcus Breil, Felix Krawczyk, and Joaquim G. Pinto. The response of the regional longwave
radiation balance and climate system in Europe to an idealized afforestation experiment. Earth
System Dynamics, 14:243–253, 2023. doi: 10.5194/esd-14-243-2023.

Wilfried Brutsaert. Evaporation into the Atmosphere: Theory, History, and Applications. 1982. doi:
10.1007/978-94-017-1497-6.

110



Bibliography

Wilfried Brutsaert. Hydrology: An Introduction. Cambridge, 2005. ISBN 9780521824798. doi:
10.1017/CBO9780511808470.

Michael Butts, Martin Drews, Morten A. D. Larsen, Sara Lerer, Søren H. Rasmussen, Jesper Grooss,
Jesper Overgaard, Jens C. Refsgaard, Ole B. Christensen, and Jens H. Christensen. Embedding
complex hydrology in the regional climate system – Dynamic coupling across different modelling
domains. Advances in Water Resources, 74:166–184, 2014. doi: 10.1016/j.advwatres.2014.09.004.

A. Böhnisch, E. Felsche, and R. Ludwig. European heatwave tracks: using causal discovery to detect
recurring pathways in a single-regional climate model large ensemble. Environmental Research
Letters, 18:014038, 2023. doi: 10.1088/1748-9326/aca9e3.

Andrea Böhnisch, Elizaveta Felsche, Magdalena Mittermeier, Benjamin Poschlod, and Ralf Ludwig.
Future Patterns of Compound Dry and Hot Summers and Their Link to Soil Moisture Droughts in
Europe. Earth’s Future, 13:e2024EF004916, 2025. doi: 10.1029/2024EF004916.

Stefano Casirati, Paolo D’Odorico, Rolf H. Reichle, Tasnuva Rouf, Milton Stookey, and Manuela
Girotto. A Model-Based Evaluation of the Effects of Irrigation Expansion on Regional and Global
Land Surface Climate. Earth’s Future, 13:e2025EF006271, 2025. doi: 10.1029/2025EF006271.

Dong Chen, Shaobo Qiao, Jie Yang, Shankai Tang, Dongdong Zuo, and Guolin Feng. Contribution
of anthropogenic influence to the 2022-like Yangtze River valley compound heatwave and drought
event. npj Climate and Atmospheric Science, 7:1–9, 2024. doi: 10.1038/s41612-024-00720-3.

Xiao Chen, Jialin Wang, Feifei Pan, Yu Song, Ju Liang, Na Huang, Kang Jiang, Riping Gao, Jingyu
Men, Pengshuai Bi, Fangxiao Zhang, Zhanrui Huang, Binxiang Huang, and Zhihua Pan. Land-
atmosphere feedback exacerbated the mega heatwave and drought over the Yangtze River Basin
of China during summer 2022. Agricultural and Forest Meteorology, 361:110321, 2025. doi:
10.1016/j.agrformet.2024.110321.

Pui Kwan Cheung, Naika Meili, Kerry A. Nice, and Stephen J. Livesley. Identifying the mechanisms
by which irrigation can cool urban green spaces in summer. Urban Climate, 55:101914, 2024. doi:
10.1016/j.uclim.2024.101914.

Felicia Chiang, Peter Greve, Omid Mazdiyasni, Yoshihide Wada, and Amir AghaKouchak. Intensified
Likelihood of Concurrent Warm and Dry Months Attributed to Anthropogenic Climate Change.
Water Resources Research, 58:e2021WR030411, 2022. doi: 10.1029/2021WR030411.

Chihchung Chou, Dongryeol Ryu, Min-Hui Lo, Hao-Wei Wey, and Hector M. Malano. Irrigation-
Induced Land–Atmosphere Feedbacks and Their Impacts on Indian Summer Monsoon. Journal of
Climate, 31:8785–8801, 2018. doi: 10.1175/JCLI-D-17-0762.1.

Jens Hesselbjerg Christensen and Ole Bøssing Christensen. A summary of the PRUDENCE model
projections of changes in European climate by the end of this century. Climatic Change, 81:7–30,
2007. doi: 10.1007/s10584-006-9210-7.

111



Bibliography

Martyn P. Clark, Ying Fan, David M. Lawrence, Jennifer C. Adam, Diogo Bolster, David J. Gochis,
Richard P. Hooper, Mukesh Kumar, L. Ruby Leung, D. Scott Mackay, Reed M. Maxwell,
Chaopeng Shen, Sean C. Swenson, and Xubin Zeng. Improving the representation of hydro-
logic processes in Earth System Models. Water Resources Research, 51:5929–5956, 2015. doi:
10.1002/2015WR017096.

Benjamin I. Cook, Sonali P. Shukla, Michael J. Puma, and Larissa S. Nazarenko. Irrigation as an histor-
ical climate forcing. Climate Dynamics, 44:1715–1730, 2015. doi: 10.1007/s00382-014-2204-7.

Jiangpeng Cui, Xu Lian, Chris Huntingford, Luis Gimeno, Tao Wang, Jinzhi Ding, Mingzhu He,
Hao Xu, Anping Chen, Pierre Gentine, and Shilong Piao. Global water availability boosted by
vegetation-driven changes in atmospheric moisture transport. Nature Geoscience, pages 1–7, 2022.
doi: 10.1038/s41561-022-01061-7.

Jacopo Dari, Luca Brocca, Sara Modanesi, Christian Massari, Angelica Tarpanelli, Silvia Barbetta,
Raphael Quast, Mariette Vreugdenhil, Vahid Freeman, Anaïs Barella-Ortiz, Pere Quintana-Seguí,
David Bretreger, and Espen Volden. Regional data sets of high-resolution (1 and 6&thinsp;km)
irrigation estimates from space. Earth System Science Data, 15:1555–1575, 2023. doi: 10.5194/
essd-15-1555-2023.

Jacopo Dari, Stefano Lo Presti, and Luca Brocca. Irrigation monitoring from satellite at hyper-
high resolution: Paving the way for remote-sensing-based agricultural water management support
services. Agricultural Water Management, 317:109627, 2025. ISSN 0378-3774. doi: 10.1016/j.
agwat.2025.109627.

Philipp de Vrese and Tobias Stacke. Irrigation and hydrometeorological extremes. Climate Dynamics,
55:1521–1537, 2020. doi: 10.1007/s00382-020-05337-9.

Philipp de Vrese, Jan-Peter Schulz, and Stefan Hagemann. On the Representation of Heterogeneity
in Land-Surface–Atmosphere Coupling. Boundary-Layer Meteorology, 160:157–183, 2016. doi:
10.1007/s10546-016-0133-1.

Mark Decker, Shaoxiu Ma, and Andy Pitman. Local land–atmosphere feedbacks limit irrigation
demand. Environmental Research Letters, 12:054003, 2017. doi: 10.1088/1748-9326/aa65a6.

Jasper M.C. Denissen, Adriaan J. Teuling, Markus Reichstein, and René Orth. Critical Soil Moisture
Derived From Satellite Observations Over Europe. Journal of Geophysical Research: Atmospheres,
125:e2019JD031672, 2020. doi: 10.1029/2019JD031672.

Clara Deser. “certain uncertainty”: The role of internal climate variability in projections of regional
climate change and risk management. Earth’s Future, 8:e2020EF001854, 2020. doi: 10.1029/
2020EF001854.

Paul A. Dirmeyer. The terrestrial segment of soil moisture–climate coupling. Geophysical Research
Letters, 38, 2011. doi: 10.1029/2011GL048268.

112



Bibliography

Paul A. Dirmeyer. Characteristics of the water cycle and land–atmosphere interactions from a
comprehensive reforecast and reanalysis data set: CFSv2. Climate Dynamics, 41:1083–1097,
2013. doi: 10.1007/s00382-013-1866-x.

Paul A. Dirmeyer, Yan Jin, Bohar Singh, and Xiaoqin Yan. Evolving Land–Atmosphere Interactions
over North America from CMIP5 Simulations. Journal of Climate, 26:7313–7327, 2013. doi:
10.1175/JCLI-D-12-00454.1.

Paul A. Dirmeyer, Jiexia Wu, Holly E. Norton, Wouter A. Dorigo, Steven M. Quiring, Trenton W.
Ford, Joseph A. Santanello, Michael G. Bosilovich, Michael B. Ek, Randal D. Koster, Gianpaolo
Balsamo, and David M. Lawrence. Confronting Weather and Climate Models with Observational
Data from Soil Moisture Networks over the United States. Journal of Hydrometeorology, 2016.
doi: 10.1175/JHM-D-15-0196.1.

Paul A. Dirmeyer, Gianpaolo Balsamo, Eleanor M. Blyth, Ross Morrison, and Hollie M. Cooper.
Land-Atmosphere Interactions Exacerbated the Drought and Heatwave Over Northern Europe
During Summer 2018. AGU Advances, 2:e2020AV000283, 2021. doi: 10.1029/2020AV000283.

D. Docquier, S. Vannitsem, F. Ragone, K. Wyser, and X. S. Liang. Causal Links Between Arctic Sea
Ice and Its Potential Drivers Based on the Rate of Information Transfer. Geophysical Research
Letters, 49:e2021GL095892, 2022. doi: 10.1029/2021GL095892.

David Docquier, Giorgia Di Capua, Reik V. Donner, Carlos A. L. Pires, Amélie Simon, and Stéphane
Vannitsem. A comparison of two causal methods in the context of climate analyses. preprint, Time
series, machine learning, networks, stochastic processes, extreme events/Climate, atmosphere,
ocean, hydrology, cryosphere, biosphere/Big data and artificial intelligence, 2023.

David Docquier, Giorgia Di Capua, Reik V. Donner, Carlos A. L. Pires, Amélie Simon, and Stéphane
Vannitsem. A comparison of two causal methods in the context of climate analyses. Nonlinear
Processes in Geophysics, 31:115–136, 2024. doi: 10.5194/npg-31-115-2024.

G Doms, J Förstner, E Heise, T Reinhardt, B Ritter, and R Schrodin. A Description of the Nonhydro-
static Regional COSMO-Model. www.cosmo-model.org, 2002.

Jianzhi Dong, Ruzbeh Akbar, Daniel J. Short Gianotti, Andrew F. Feldman, Wade T. Crow, and Dara
Entekhabi. Can Surface Soil Moisture Information Identify Evapotranspiration Regime Transi-
tions? Geophysical Research Letters, 49:e2021GL097697, 2022. doi: 10.1029/2021GL097697.

Emiliano Díaz, Jose E. Adsuara, Álvaro Moreno Martínez, María Piles, and Gustau Camps-Valls.
Inferring causal relations from observational long-term carbon and water fluxes records. Scientific
Reports, 12:1610, 2022. doi: 10.1038/s41598-022-05377-7.

Veronika Eyring, Sandrine Bony, Gerald A. Meehl, Catherine A. Senior, Bjorn Stevens, Ronald J.
Stouffer, and Karl E. Taylor. Overview of the Coupled Model Intercomparison Project Phase 6
(CMIP6) experimental design and organization. Geoscientific Model Development, 9:1937–1958,
2016. doi: 10.5194/gmd-9-1937-2016.

113



Bibliography

Shuyun Feng, Xihui Gu, Yansong Guan, Quan J. Wang, Yanhui Zheng, Lunche Wang, Xiang Zhang,
and Dongdong Kong. Anthropogenic Exacerbation in Dry-Hot Probability and Consequential
Record-Shattering Droughts in the Middle and Lower Reaches of the Yangtze River. Journal of
Geophysical Research: Atmospheres, 129:e2024JD041603, 2024. doi: 10.1029/2024JD041603.

Craig R. Ferguson, Eric F. Wood, and Raghuveer K. Vinukollu. A Global Intercomparison of Modeled
and Observed Land–Atmosphere Coupling. Journal of Hydrometeorology, 13:749–784, 2012. doi:
10.1175/JHM-D-11-0119.1.

Frauke Feser, Linda van Garderen, and Felicitas Hansen. The Summer Heatwave 2022 over Western
Europe: An Attribution to Anthropogenic Climate Change. Bulletin of the American Meteorological
Society, 2024. doi: 10.1175/BAMS-D-24-0017.1.

Kirsten L. Findell and Elfatih A. B. Eltahir. An analysis of the soil moisture-rainfall feedback,
based on direct observations from Illinois. Water Resources Research, 33:725–735, 1997. doi:
10.1029/96WR03756.

Kirsten L. Findell and Elfatih A. B. Eltahir. Atmospheric Controls on Soil Moisture–Boundary Layer
Interactions. Part I: Framework Development. Journal of Hydrometeorology, 4:552–569, 2003.
doi: 10.1175/1525-7541(2003)004<0552:ACOSML>2.0.CO;2.

Kirsten L. Findell, Alexis Berg, Pierre Gentine, John P. Krasting, Benjamin R. Lintner, Sergey
Malyshev, Joseph A. Santanello, and Elena Shevliakova. The impact of anthropogenic land use
and land cover change on regional climate extremes. Nature Communications, 8:989, 2017. doi:
10.1038/s41467-017-01038-w.

Kirsten L. Findell, Zun Yin, Eunkyo Seo, Paul A. Dirmeyer, Nathan P. Arnold, Nathaniel Chaney,
Megan D. Fowler, Meng Huang, David M. Lawrence, Po-Lun Ma, and Joseph A. Santanello Jr. Ac-
curate assessment of land–atmosphere coupling in climate models requires high-frequency data out-
put. Geoscientific Model Development, 17:1869–1883, 2024. doi: 10.5194/gmd-17-1869-2024.

J. K. Fletcher, C. E. Birch, R. J. Keane, C. M. Taylor, and S. S. Folwell. The effect of Ganges river
basin irrigation on pre-monsoon rainfall. Quarterly Journal of the Royal Meteorological Society,
148:3056–3070, 2022. doi: 10.1002/qj.4218.

Jonathan A. Foley, Ruth DeFries, Gregory P. Asner, Carol Barford, Gordon Bonan, Stephen R. Car-
penter, F. Stuart Chapin, Michael T. Coe, Gretchen C. Daily, Holly K. Gibbs, Joseph H. Helkowski,
Tracey Holloway, Erica A. Howard, Christopher J. Kucharik, Chad Monfreda, Jonathan A. Patz,
I. Colin Prentice, Navin Ramankutty, and Peter K. Snyder. Global consequences of land use.
Science, 309:570–574, 2005. doi: 10.1126/science.1111772.

C. Furusho-Percot, K. Goergen, C. Hartick, L. Poshyvailo-Strube, and S. Kollet. Groundwater
Model Impacts Multiannual Simulations of Heat Waves. Geophysical Research Letters, 49:
e2021GL096781, 2022. doi: 10.1029/2021GL096781.

114



Bibliography

Guojing Gan, Yuanbo Liu, and Ge Sun. Understanding interactions among climate, water, and
vegetation with the Budyko framework. Earth-Science Reviews, 212:103451, 2021. doi: 10.1016/
j.earscirev.2020.103451.

Yifu Gao, Clément Guilloteau, Efi Foufoula-Georgiou, Chonggang Xu, Xiaoming Sun, and Jasper A.
Vrugt. Soil Moisture-Cloud-Precipitation Feedback in the Lower Atmosphere From Functional
Decomposition of Satellite Observations. Geophysical Research Letters, 51:e2024GL110347,
2024. doi: 10.1029/2024GL110347.

F. Gasper, K. Goergen, P. Shrestha, M. Sulis, J. Rihani, M. Geimer, and S. Kollet. Implementation
and scaling of the fully coupled Terrestrial Systems Modeling Platform (TerrSysMP v1.0) in a
massively parallel supercomputing environment – a case study on JUQUEEN (IBM Blue Gene/Q).
Geoscientific Model Development, 7:2531–2543, 2014. doi: 10.5194/gmd-7-2531-2014.

Pierre Gentine, Adam Massmann, Benjamin R. Lintner, Sayed Hamed Alemohammad, Rong Fu,
Julia K. Green, Daniel Kennedy, and Jordi Vilà-Guerau De Arellano. Land–atmosphere interactions
in the tropics – a review. Hydrology and Earth System Sciences, 23:4171–4197, 2019. doi:
10.5194/hess-23-4171-2019.

A. I. Gevaert, D. G. Miralles, R. a. M. de Jeu, J. Schellekens, and A. J. Dolman. Soil Moisture-
Temperature Coupling in a Set of Land Surface Models. Journal of Geophysical Research:
Atmospheres, 123:1481–1498, 2018. doi: 10.1002/2017JD027346.

Filippo Giorgi. Perspectives for regional earth system modeling. Global and Planetary Change, 10:
23–42, 1995. doi: 10.1016/0921-8181(94)00018-9.

Filippo GIORGI and Xue-Jie GAO. Regional earth system modeling: review and future directions.
Atmospheric and Oceanic Science Letters, 11:189–197, 2018. doi: 10.1080/16742834.2018.
1452520.

Filippo Giorgi and Linda O. Mearns. Approaches to the simulation of regional climate change: A
review. Reviews of Geophysics, 29:191–216, 1991. doi: 10.1029/90RG02636.

Allison E. Goodwell and Maoya Bassiouni. Source Relationships and Model Structures Determine In-
formation Flow Paths in Ecohydrologic Models. Water Resources Research, 58:e2021WR031164,
2022. doi: 10.1029/2021WR031164.

Allison E. Goodwell and Praveen Kumar. Temporal Information Partitioning Networks (TIPNets): A
process network approach to infer ecohydrologic shifts. Water Resources Research, 53:5899–5919,
2017a. doi: 10.1002/2016WR020218.

Allison E. Goodwell and Praveen Kumar. Temporal information partitioning: Characterizing synergy,
uniqueness, and redundancy in interacting environmental variables. Water Resources Research,
53:5920–5942, 2017b. doi: 10.1002/2016WR020216.

Allison E. Goodwell, Peishi Jiang, Benjamin L. Ruddell, and Praveen Kumar. Debates—Does
Information Theory Provide a New Paradigm for Earth Science? Causality, Interaction, and
Feedback. Water Resources Research, 56:e2019WR024940, 2020. doi: 10.1029/2019WR024940.

115



Bibliography

C. W. J. Granger. Investigating Causal Relations by Econometric Models and Cross-spectral Methods.
Econometrica, 37:424–438, 1969. doi: 10.2307/1912791.

P. Greve and S. I. Seneviratne. Assessment of future changes in water availability and aridity.
Geophysical Research Letters, 42:5493–5499, 2015. doi: 10.1002/2015GL064127.

Peter Greve, Boris Orlowsky, Brigitte Mueller, Justin Sheffield, Markus Reichstein, and Sonia I.
Seneviratne. Global assessment of trends in wetting and drying over land. Nature Geoscience, 7:
716–721, 2014. doi: 10.1038/ngeo2247.

Zhichang Guo, Paul A. Dirmeyer, Randal D. Koster, Y. C. Sud, Gordon Bonan, Keith W. Oleson,
Edmond Chan, Diana Verseghy, Peter Cox, C. T. Gordon, J. L. McGregor, Shinjiro Kanae, Eva
Kowalczyk, David Lawrence, Ping Liu, David Mocko, Cheng-Hsuan Lu, Ken Mitchell, Sergey
Malyshev, Bryant McAvaney, Taikan Oki, Tomohito Yamada, Andrew Pitman, Christopher M.
Taylor, Ratko Vasic, and Yongkang Xue. GLACE: The Global Land–Atmosphere Coupling Exper-
iment. Part II: Analysis. Journal of Hydrometeorology, 7:611–625, 2006. doi: 10.1175/JHM511.1.

Daniel F. T. Hagan, Han A. J. Dolman, Guojie Wang, Kenny T. C. Lim Kam Sian, Kun Yang, Waheed
Ullah, and Runping Shen. Contrasting ecosystem constraints on seasonal terrestrial CO2 and
mean surface air temperature causality projections by the end of the 21st century. Environmental
Research Letters, 17:124019, 2022. doi: 10.1088/1748-9326/aca551.

Daniel Fiifi Tawia Hagan, Guojie Wang, X. San Liang, and Han A. J. Dolman. A Time-Varying
Causality Formalism Based on the Liang–Kleeman Information Flow for Analyzing Directed
Interactions in Nonstationary Climate Systems. Journal of Climate, 32:7521–7537, 2019. doi:
10.1175/JCLI-D-18-0881.1.

Erfan Haghighi, Daniel J. Short Gianotti, Ruzbeh Akbar, Guido D. Salvucci, and Dara Entekhabi.
Soil and Atmospheric Controls on the Land Surface Energy Balance: A Generalized Framework
for Distinguishing Moisture-Limited and Energy-Limited Evaporation Regimes. Water Resources
Research, 54:1831–1851, 2018. doi: 10.1002/2017WR021729.

Raed Hamed, Anne F. Van Loon, Jeroen Aerts, and Dim Coumou. Impacts of compound hot–dry
extremes on US soybean yields. Earth System Dynamics, 12:1371–1391, 2021. doi: 10.5194/
esd-12-1371-2021.

Carl Hartick, Carina Furusho-Percot, Martyn P. Clark, and Stefan Kollet. An Interannual Drought
Feedback Loop Affects the Surface Energy Balance and Cloud Properties. Geophysical Research
Letters, 49:e2022GL100924, 2022. doi: 10.1029/2022GL100924.

Ed Hawkins and Rowan Sutton. The potential to narrow uncertainty in regional climate predic-
tions. Bulletin of the American Meteorological Society, 90:1095–1107, 2009. doi: 10.1175/
2009BAMS2607.1.

Finley M. Hay-Chapman and Paul A. Dirmeyer. A novel method for diagnosing land-atmosphere
coupling sensitivity in a single-column model. Journal of Hydrometeorology, -1, 2023. doi:
10.1175/JHM-D-22-0237.1.

116



Bibliography

Huili He, Rafiq Hamdi, Peng Cai, Geping Luo, Friday Uchenna Ochege, Miao Zhang, Piet Termonia,
Philippe De Maeyer, and Chaofan Li. Impacts of Historical Land Use/Cover Change (1980–2015)
on Summer Climate in the Aral Sea Region. Journal of Geophysical Research: Atmospheres, 126:
e2020JD032638, 2021. doi: 10.1029/2020JD032638.

A. L. Hirsch, M. Wilhelm, E. L. Davin, W. Thiery, and S. I. Seneviratne. Can climate-effective land
management reduce regional warming? Journal of Geophysical Research: Atmospheres, 122:
2269–2288, 2017. doi: 10.1002/2016JD026125.

Alexander L. Hirsch, Jason P. Evans, Giovanni Di Virgilio, Sarah E. Perkins-Kirkpatrick, Daniel
Argüeso, Andrew J. Pitman, Alejandro Di Luca, Jatin Kala, Jakub Andrys, and Burkhardt Rockel.
Amplification of australian heatwaves via local land-atmosphere coupling. Journal of Geophysical
Research: Atmospheres, 124:13625–13647, 2019. doi: 10.1029/2019JD030665.

Jaroslav Hlinka, David Hartman, Martin Vejmelka, Jakob Runge, Norbert Marwan, Jürgen Kurths,
and Milan Paluš. Reliability of Inference of Directed Climate Networks Using Conditional Mutual
Information. Entropy, 15:2023–2045, 2013. doi: 10.3390/e15062023.

Peter Hoffmann, Vanessa Reinhart, Diana Rechid, Nathalie de Noblet-Ducoudré, Edouard L. Davin,
Christina Asmus, Benjamin Bechtel, Jürgen Böhner, Eleni Katragkou, and Sebastiaan Luyssaert.
High-resolution land use and land cover dataset for regional climate modelling: historical and
future changes in Europe. Earth System Science Data, 15:3819–3852, 2023. doi: 10.5194/
essd-15-3819-2023.

Cathy Hohenegger, Peter Brockhaus, Christopher S. Bretherton, and Christoph Schär. The Soil
Moisture–Precipitation Feedback in Simulations with Explicit and Parameterized Convection.
Journal of Climate, 22:5003–5020, 2009. doi: 10.1175/2009JCLI2604.1.

James R. Holton and Gregory J. Hakim. An Introduction to Dynamic Meteorology. 5 edition, 2013.

Hsin Hsu and Paul A. Dirmeyer. Nonlinearity and Multivariate Dependencies in the Terrestrial
Leg of Land-Atmosphere Coupling. Water Resources Research, 57:e2020WR028179, 2021. doi:
10.1029/2020WR028179.

Hsin Hsu and Paul A. Dirmeyer. Deconstructing the Soil Moisture–Latent Heat Flux Relationship:
The Range of Coupling Regimes Experienced and the Presence of Nonlinearity within the Sensitive
Regime. Journal of Hydrometeorology, 23:1041–1057, 2022. doi: 10.1175/JHM-D-21-0224.1.

Hsin Hsu, Paul A Dirmeyer, and Eunkyo Seo. Exploring the mechanisms of the soil moisture-air
temperature hypersensitive coupling regime. preprint, Preprints, 2023.

Adel Imamovic, Linda Schlemmer, and Christoph Schär. Collective Impacts of Orography and
Soil Moisture on the Soil Moisture-Precipitation Feedback. Geophysical Research Letters, 44:
11,682–11,691, 2017. doi: 10.1002/2017GL075657.

Intergovernmental Panel on Climate Change. Climate Change 2023: Synthesis Report. Contribution
of Working Groups I, II and III to the Sixth Assessment Report of the Intergovernmental Panel on
Climate Change. 2023. doi: 10.59327/IPCC/AR6-9789291691647.

117



Bibliography

Monica Ionita, Diana E. Caldarescu, and Viorica Nagavciuc. Compound Hot and Dry Events in
Europe: Variability and Large-Scale Drivers. Frontiers in Climate, 3, 2021. doi: 10.3389/fclim.
2021.688991.

IPCC. Climate Change 2001: The Scientific Basis. Contribution of Working Group I to the Third As-
sessment Report of the Intergovernmental Panel on Climate Change. Cambridge, United Kingdom
and New York, NY, USA, 2001.

Christopher Irrgang, Niklas Boers, Maike Sonnewald, Elizabeth A. Barnes, Christopher Kadow,
Joanna Staneva, and Jan Saynisch-Wagner. Towards neural Earth system modelling by integrating
artificial intelligence in Earth system science. Nature Machine Intelligence, 3:667–674, 2021. doi:
10.1038/s42256-021-00374-3.

Lisa Jach, Kirsten Warrach-Sagi, Joachim Ingwersen, Eigil Kaas, and Volker Wulfmeyer. Land
Cover Impacts on Land-Atmosphere Coupling Strength in Climate Simulations With WRF Over
Europe. Journal of Geophysical Research: Atmospheres, 125:e2019JD031989, 2020. doi: 10.
1029/2019JD031989.

Lisa Jach, Thomas Schwitalla, Oliver Branch, Kirsten Warrach-Sagi, and Volker Wulfmeyer. Sen-
sitivity of land–atmosphere coupling strength to changing atmospheric temperature and moisture
over Europe. Earth System Dynamics, 13:109–132, 2022. doi: 10.5194/esd-13-109-2022.

E. B. Jaeger and S. I. Seneviratne. Impact of soil moisture–atmosphere coupling on European climate
extremes and trends in a regional climate model. Climate Dynamics, 36:1919–1939, 2011. doi:
10.1007/s00382-010-0780-8.

Jim E. Jones and Carol S. Woodward. Newton–Krylov-multigrid solvers for large-scale, highly
heterogeneous, variably saturated flow problems. Advances in Water Resources, 24:763–774,
2001. doi: 10.1016/S0309-1708(00)00075-0.

Jatin Kala, Mark Decker, Jean-François Exbrayat, Andy J. Pitman, Claire Carouge, Jason P. Evans,
Gab Abramowitz, and David Mocko. Influence of Leaf Area Index Prescriptions on Simulations
of Heat, Moisture, and Carbon Fluxes. Journal of Hydrometeorology, 15:489–503, 2014. doi:
10.1175/JHM-D-13-063.1.

Suchul Kang and Elfatih A.B. Eltahir. Impact of Irrigation on Regional Climate Over Eastern China.
Geophysical Research Letters, 46:5499–5505, 2019. doi: 10.1029/2019GL082396.

J. Keune, M. Sulis, and S. J. Kollet. Potential Added Value of Incorporating Human Water Use on the
Simulation of Evapotranspiration and Precipitation in a Continental-Scale Bedrock-to-Atmosphere
Modeling System: A Validation Study Considering Observational Uncertainty. Journal of Ad-
vances in Modeling Earth Systems, 11:1959–1980, 2019. doi: 10.1029/2019MS001657.

Jessica Keune, Fabian Gasper, Klaus Goergen, Andreas Hense, Prabhakar Shrestha, Mauro Sulis, and
Stefan Kollet. Studying the influence of groundwater representations on land surface-atmosphere
feedbacks during the European heat wave in 2003. Journal of Geophysical Research: Atmospheres,
121:13,301–13,325, 2016. doi: 10.1002/2016JD025426.

118



Bibliography

Jessica Keune, Mauro Sulis, Stefan Kollet, Stefan Siebert, and Yoshihide Wada. Human Water Use
Impacts on the Strength of the Continental Sink for Atmospheric Water. Geophysical Research
Letters, 45:4068–4076, 2018. doi: 10.1029/2018GL077621.

Samira Khodayar Pardo and L. Paredes-Fortuny. Climate and Life, volume 43. New York, 1974. doi:
10.1016/j.wace.2024.100648.

Samira Khodayar Pardo and L. Paredes-Fortuny. Uneven evolution of regional european summer
heatwaves under climate change. Weather and Climate Extremes, 43:100648, 2024. ISSN 2212-
0947. doi: 10.1016/j.wace.2024.100648.

Sebastian Knist, Klaus Goergen, Erasmo Buonomo, Ole Bøssing Christensen, Augustin Colette,
Rita M. Cardoso, Rowan Fealy, Jesús Fernández, Markel García-Díez, Daniela Jacob, Stergios
Kartsios, Eleni Katragkou, Klaus Keuler, Stephanie Mayer, Erik van Meijgaard, Grigory Nikulin,
Pedro M. M. Soares, Stefan Sobolowski, Gabriella Szepszo, Claas Teichmann, Robert Vautard,
Kirsten Warrach-Sagi, Volker Wulfmeyer, and Clemens Simmer. Land-atmosphere coupling in
EURO-CORDEX evaluation experiments. Journal of Geophysical Research: Atmospheres, 122:
79–103, 2017. doi: 10.1002/2016JD025476.

Stefan J. Kollet and Reed M. Maxwell. Integrated surface–groundwater flow modeling: A free-
surface overland flow boundary condition in a parallel groundwater flow model. Advances in Water
Resources, 29:945–958, 2006. doi: 10.1016/j.advwatres.2005.08.006.

Goutam Konapala, Ashok K. Mishra, Yoshihide Wada, and Michael E. Mann. Climate change
will affect global water availability through compounding changes in seasonal precipitation and
evaporation. Nature Communications, 11:3044, 2020. doi: 10.1038/s41467-020-16757-w.

Dongdong Kong, Yuxuan Xie, Xihui Gu, Louise Slater, Hui Ci, and Heyang Song. Contribution of
Anthropogenic Activities to the Intensification of Heat Index-Based Spatiotemporally Contiguous
Heatwave Events in China. Journal of Geophysical Research: Atmospheres, 129:e2023JD040004,
2024. doi: 10.1029/2023JD040004.

Randal D. Koster, Paul A. Dirmeyer, Andrea N. Hahmann, Ruben Ijpelaar, Lori Tyahla, Peter Cox,
and Max J. Suarez. Comparing the Degree of Land–Atmosphere Interaction in Four Atmospheric
General Circulation Models. Journal of Hydrometeorology, 3:363–375, 2002. doi: 10.1175/
1525-7541(2002)003<0363:CTDOLA>2.0.CO;2.

Randal D. Koster, Paul A. Dirmeyer, Zhichang Guo, Gordon Bonan, Edmond Chan, Peter Cox, C. T.
Gordon, Shinjiro Kanae, Eva Kowalczyk, David Lawrence, Ping Liu, Cheng-Hsuan Lu, Sergey
Malyshev, Bryant McAvaney, Ken Mitchell, David Mocko, Taikan Oki, Keith Oleson, Andrew
Pitman, Y. C. Sud, Christopher M. Taylor, Diana Verseghy, Ratko Vasic, Yongkang Xue, and
Tomohito Yamada. Regions of Strong Coupling Between Soil Moisture and Precipitation. Science,
305:1138–1140, 2004. doi: 10.1126/science.1100217.

Randal D. Koster, Y. C. Sud, Zhichang Guo, Paul A. Dirmeyer, Gordon Bonan, Keith W. Oleson,
Edmond Chan, Diana Verseghy, Peter Cox, Harvey Davies, Eva Kowalczyk, C. T. Gordon, Shinjiro

119



Bibliography

Kanae, David Lawrence, Ping Liu, David Mocko, Cheng-Hsuan Lu, Ken Mitchell, Sergey Maly-
shev, Bryant McAvaney, Taikan Oki, Tomohito Yamada, Andrew Pitman, Christopher M. Taylor,
Ratko Vasic, and Yongkang Xue. GLACE: The Global Land–Atmosphere Coupling Experiment.
Part I: Overview. Journal of Hydrometeorology, 7:590–610, 2006. doi: 10.1175/JHM510.1.

S. Kotlarski, K. Keuler, O. B. Christensen, A. Colette, M. Déqué, A. Gobiet, K. Goergen, D. Jacob,
D. Lüthi, E. Van Meijgaard, G. Nikulin, C. Schär, C. Teichmann, R. Vautard, K. Warrach-Sagi,
and V. Wulfmeyer. Regional climate modeling on European scales: a joint standard evaluation of
the EURO-CORDEX RCM ensemble, 2014.

Christopher Krich, Jakob Runge, Diego G. Miralles, Mirco Migliavacca, Oscar Perez-Priego, Tarek
El-Madany, Arnaud Carrara, and Miguel D. Mahecha. Estimating causal networks in bio-
sphere–atmosphere interaction with the PCMCI approach. Biogeosciences, 17:1033–1061, 2020.
doi: 10.5194/bg-17-1033-2020.

Christopher Krich, Mirco Migliavacca, Diego G. Miralles, Guido Kraemer, Tarek S. El-Madany,
Markus Reichstein, Jakob Runge, and Miguel D. Mahecha. Functional convergence of bio-
sphere–atmosphere interactions in response to meteorological conditions. Biogeosciences, 18:
2379–2404, 2021. doi: 10.5194/bg-18-2379-2021.

Lara M. Kueppers and Mark A. Snyder. Influence of irrigated agriculture on diurnal surface energy
and water fluxes, surface climate, and atmospheric circulation in California. Climate Dynamics,
38:1017–1029, 2012. doi: 10.1007/s00382-011-1123-0.

Lara M. Kueppers, Mark A. Snyder, and Lisa C. Sloan. Irrigation cooling effect: Regional climate
forcing by land-use change. Geophysical Research Letters, 34, 2007. doi: 10.1029/2006GL028679.

Praveen Kumar. Variability, Feedback, and Cooperative Process Dynamics: Elements of a Unifying
Hydrologic Theory. Geography Compass, 1:1338–1360, 2007. doi: 10.1111/j.1749-8198.2007.
00068.x.

Praveen Kumar and Hoshin V. Gupta. Debates—Does Information Theory Provide a New
Paradigm for Earth Science? Water Resources Research, 56:e2019WR026398, 2020. doi:
10.1029/2019WR026398.

Praveen Kumar and Benjamin L. Ruddell. Information Driven Ecohydrologic Self-Organization.
Entropy, 12:2085–2096, 2010. doi: 10.3390/e12102085.

Pierre Laluet, Jacopo Dari, Louise Busschaert, Zdenko Heyvaert, Gabrielle De Lannoy, Pia Lang-
hans, Sara Modanesi, Christian Massari, Luca Brocca, Carla Saltalippi, Renato Morbidelli, Clé-
ment Albergel, and Wouter Dorigo. Long-term irrigation water use datasets from multiple Earth
Observation-based methods in major irrigated regions. Earth System Science Data Discussions,
pages 1–30, 2026. doi: 10.5194/essd-2025-737.

Patricia Lawston-Parker, Jr. Santanello, Joseph A., and Nathaniel W. Chaney. Investigating the
response of land–atmosphere interactions and feedbacks to spatial representation of irrigation in a

120



Bibliography

coupled modeling framework. Hydrology and Earth System Sciences, 27:2787–2805, 2023a. doi:
10.5194/hess-27-2787-2023.

Patricia Lawston-Parker, Joseph A. Santanello Jr., and Nathaniel W. Chaney. Investigating the
Response of Land-Atmosphere Interactions and Feedbacks to Spatial Representation of Irrigation
in a Coupled Modeling Framework. preprint, Hydrometeorology/Modelling approaches, 2023b.

Guoyong Leng, Maoyi Huang, Qiuhong Tang, and L. Ruby Leung. A modeling study of irrigation
effects on global surface water and groundwater resources under a changing climate. Journal of
Advances in Modeling Earth Systems, 7:1285–1304, 2015. doi: 10.1002/2015MS000437.

Ondřej Lhotka, Zuzana Bešťáková, and Jan Kyselý. Prolongation of compound dry–hot seasons over
europe under climate change scenarios. Earth’s Future, 11(9):e2023EF003557. doi: 10.1029/
2023EF003557.

Jie Li and Matteo Convertino. Inferring ecosystem networks as information flows. Scientific Reports,
11:7094, 2021. doi: 10.1038/s41598-021-86476-9.

Xueke Li, Michael E. Mann, Michael F. Wehner, Stefan Rahmstorf, Stefan Petri, Shannon Chris-
tiansen, and Judit Carrillo. Role of atmospheric resonance and land–atmosphere feedbacks as
a precursor to the June 2021 Pacific Northwest Heat Dome event. Proceedings of the National
Academy of Sciences, 121:e2315330121, 2024. doi: 10.1073/pnas.2315330121.

Hong Liang, Yong Zhang, Lijuan Cao, and Yunchang Cao. Temporal relations between precipitable
water vapour and precipitation during wet seasons based on nearly two decades of data from the
Lhasa River valley, Tibetan Plateau. International Journal of Climatology, 40:1656–1668, 2020.
doi: 10.1002/joc.6293.

X. San Liang. Information flow within stochastic dynamical systems. Physical Review E, 78:031113,
2008. doi: 10.1103/PhysRevE.78.031113.

X. San Liang. The Liang-Kleeman Information Flow: Theory and Applications. Entropy, 15:
327–360, 2013. doi: 10.3390/e15010327.

X. San Liang. Unraveling the cause-effect relation between time series. Physical Review E, 90:
052150, 2014. doi: 10.1103/PhysRevE.90.052150.

X. San Liang. Normalizing the causality between time series. Physical Review E, 92:022126, 2015.
doi: 10.1103/PhysRevE.92.022126.

X. San Liang. Normalized Multivariate Time Series Causality Analysis and Causal Graph Recon-
struction. Entropy, 23:679, 2021. doi: 10.3390/e23060679.

Guoshuai Liu and Weiguang Wang. Irrigation-induced crop growth enhances irrigation cooling
effect over the north china plain by increasing transpiration. Water Resources Research, 59(3):
e2022WR034142, 2023. ISSN 1944-7973. doi: 10.1029/2022WR034142.

121



Bibliography

Guoshuai Liu, Weiguang Wang, and Hui Xu. Spring Irrigation Reduces the Frequency and Intensity
of Summer Extreme Heat Events in the North China Plain. Geophysical Research Letters, 51:
e2023GL107094, 2024a. doi: 10.1029/2023GL107094.

Wenhui Liu, Ping Yue, Xianghua Wu, Junjun Li, Naifu Shao, Bin Zhu, and Chunsong Lu. Why does
a decrease in cloud amount increase terrestrial evapotranspiration in a monsoon transition zone?
Environmental Research Letters, 2024b. doi: 10.1088/1748-9326/ad3569.

Min-Hui Lo and James S. Famiglietti. Irrigation in California’s Central Valley strengthens the
southwestern U.S. water cycle. Geophysical Research Letters, 40:301–306, 2013. doi: 10.1002/
grl.50108.

A. Loew, T. Stacke, W. Dorigo, R. de Jeu, and S. Hagemann. Potential and limitations of multidecadal
satellite soil moisture observations for selected climate model evaluation studies. Hydrology and
Earth System Sciences, 17:3523–3542, 2013. doi: 10.5194/hess-17-3523-2013.

Yaqiong Lu, Keith Harding, and Lara Kueppers. Irrigation Effects on Land–Atmosphere Cou-
pling Strength in the United States. Journal of Climate, 30:3671–3685, 2017. doi: 10.1175/
JCLI-D-15-0706.1.

Tanguy Lunel, Aaron A. Boone, and Patrick Le Moigne. Irrigation strongly influences near-surface
conditions and induces breeze circulation: Observational and model-based evidence. Quarterly
Journal of the Royal Meteorological Society, 150:2798–2819, 2024. doi: https://doi.org/10.1002/
qj.4736.

Douglas Maraun, Reinhard Schiemann, Albert Ossó, and Martin Jury. Changes in event soil moisture-
temperature coupling can intensify very extreme heat beyond expectations. Nature Communica-
tions, 16:734, 2025. doi: 10.1038/s41467-025-56109-0.

Yannis Markonis, Rohini Kumar, Martin Hanel, Oldrich Rakovec, Petr Máca, and Amir AghaKouchak.
The rise of compound warm-season droughts in Europe. Science Advances, 7:eabb9668, 2021.
doi: 10.1126/sciadv.abb9668.

S. Materia, C. Ardilouze, et al. Summer temperature response to extreme soil water conditions
in the mediterranean transitional climate regime. Climate Dynamics, 58:1943–1959, 2022. doi:
10.1007/s00382-021-05815-8.

Reed M. Maxwell. A terrain-following grid transform and preconditioner for parallel, large-scale,
integrated hydrologic modeling. Advances in Water Resources, 53:109–117, 2013. doi: 10.1016/
j.advwatres.2012.10.001.

Reed M. Maxwell and Norman L. Miller. Development of a coupled land surface and groundwater
model. Journal of Hydrometeorology, 6:233–247, 2005. doi: 10.1175/JHM422.1.

Wilhelm May, Markku Rummukainen, Frederique Chéruy, Stefan Hagemann, and Arndt Meier.
Contributions of soil moisture interactions to future precipitation changes in the GLACE-CMIP5
experiment. Climate Dynamics, 49:1681–1704, 2017. doi: 10.1007/s00382-016-3408-9.

122



Bibliography

Sonali McDermid, Mallika Nocco, Patricia Lawston-Parker, Jessica Keune, Yadu Pokhrel, Meha Jain,
Jonas Jägermeyr, Luca Brocca, Christian Massari, Andrew D. Jones, Pouya Vahmani, Wim Thiery,
Yi Yao, Andrew Bell, Liang Chen, Wouter Dorigo, Naota Hanasaki, Scott Jasechko, Min-Hui Lo,
Rezaul Mahmood, Vimal Mishra, Nathaniel D. Mueller, Dev Niyogi, Sam S. Rabin, Lindsey Sloat,
Yoshihide Wada, Luca Zappa, Fei Chen, Benjamin I. Cook, Hyungjun Kim, Danica Lombardozzi,
Jan Polcher, Dongryeol Ryu, Joe Santanello, Yusuke Satoh, Sonia Seneviratne, Deepti Singh, and
Tokuta Yokohata. Irrigation in the Earth system. Nature Reviews Earth & Environment, pages
1–19, 2023. doi: 10.1038/s43017-023-00438-5.

Karen A. McKinnon, Andrew Poppick, and Isla R. Simpson. Hot extremes have become drier
in the United States Southwest. Nature Climate Change, 11:598–604, 2021. doi: 10.1038/
s41558-021-01076-9.

D. G. Miralles, M. J. van den Berg, A. J. Teuling, and R. a. M. de Jeu. Soil moisture-temperature
coupling: A multiscale observational analysis. Geophysical Research Letters, 39, 2012. doi:
10.1029/2012GL053703.

Diego G. Miralles, Adriaan J. Teuling, Chiel C. van Heerwaarden, and Jordi Vilà-Guerau de Arellano.
Mega-heatwave temperatures due to combined soil desiccation and atmospheric heat accumulation.
Nature Geoscience, 7:345–349, 2014. doi: 10.1038/ngeo2141.

Diego G. Miralles, Pierre Gentine, Sonia I. Seneviratne, and Adriaan J. Teuling. Land–atmospheric
feedbacks during droughts and heatwaves: state of the science and current challenges. Annals of
the New York Academy of Sciences, 1436:19–35, 2019. doi: 10.1111/nyas.13912.

Khaled Mohammed, Robert Leconte, and Mélanie Trudel. Impacts of Spatiotemporal Gaps in Satellite
Soil Moisture Data on Hydrological Data Assimilation. Water, 15, 2023. doi: 10.3390/w15020321.

Sanjit Kumar Mondal, Soon-Il An, Seung-Ki Min, Tong Jiang, and Buda Su. Enhanced soil mois-
ture–temperature coupling could exacerbate drought under net-negative emissions. npj Climate
and Atmospheric Science, 7:1–12, 2024. doi: 10.1038/s41612-024-00820-0.

A. S. Monin and A. M. Obukhov. Basic laws of turbulent mixing in the surface layer of the atmosphere.
Trudy Geofizicheskogo Instituta, 24:163–187, 1954.

Hugh Morrison, Marcus van Lier-Walqui, Ann M. Fridlind, Wojciech W. Grabowski, Jerry Y.
Harrington, Corinna Hoose, Alexei Korolev, Matthew R. Kumjian, Jason A. Milbrandt, Hanna
Pawlowska, Derek J. Posselt, Olivier P. Prat, Karly J. Reimel, Shin-Ichiro Shima, Bastiaan van
Diedenhoven, and Lulin Xue. Confronting the Challenge of Modeling Cloud and Precipitation
Microphysics. Journal of Advances in Modeling Earth Systems, 12:e2019MS001689, 2020. doi:
10.1029/2019MS001689.

Bibi S. Naz, Wendy Sharples, Yueling Ma, Klaus Goergen, and Stefan Kollet. Continental-scale
evaluation of a fully distributed coupled land surface and groundwater model, ParFlow-CLM
(v3.6.0), over Europe. Geoscientific Model Development, 16:1617–1639, 2023. doi: 10.5194/
gmd-16-1617-2023.

123



Bibliography

Yueyang Ni, Bo Qiu, Xin Miao, Lingfeng Li, Jiuyi Chen, Xiaohui Tian, Siwen Zhao, and Weidong
Guo. Shift of soil moisture-temperature coupling exacerbated 2022 compound hot-dry event in
eastern China. Environmental Research Letters, 19:014059, 2024. doi: 10.1088/1748-9326/
ad178c.

Michael Notaro. Statistical identification of global hot spots in soil moisture feedbacks among
IPCC AR4 models. Journal of Geophysical Research: Atmospheres, 113, 2008. doi: 10.1029/
2007JD009199.

Peer Nowack, Jakob Runge, Veronika Eyring, and Joanna D. Haigh. Causal networks for climate
model evaluation and constrained projections. Nature Communications, 11:1415, 2020. doi:
10.1038/s41467-020-15195-y.

K. W. Oleson, G.-Y. Niu, Z.-L. Yang, D. M. Lawrence, P. E. Thornton, P. J. Lawrence, R. Stöckli,
R. E. Dickinson, G. B. Bonan, S. Levis, A. Dai, and T. Qian. Improvements to the Commu-
nity Land Model and their impact on the hydrological cycle. Journal of Geophysical Research:
Biogeosciences, 113, 2008. doi: 10.1029/2007JG000563.

Mohammed Ombadi, Phu Nguyen, Soroosh Sorooshian, and Kuo-lin Hsu. Evaluation of Meth-
ods for Causal Discovery in Hydrometeorological Systems. Water Resources Research, 56:
e2020WR027251, 2020. doi: 10.1029/2020WR027251.

Boris Orlowsky and Sonia I. Seneviratne. Statistical Analyses of Land–Atmosphere Feedbacks and
Their Possible Pitfalls. Journal of Climate, 23:3918–3932, 2010. doi: 10.1175/2010JCLI3366.1.

René Orth. When the Land Surface Shifts Gears. AGU Advances, 2:e2021AV000414, 2021. doi:
10.1029/2021AV000414.

Ryan S. Padrón, Lukas Gudmundsson, Bertrand Decharme, Agnès Ducharne, David M. Lawrence,
Jiafu Mao, Daniele Peano, Gerhard Krinner, Hyungjun Kim, and Sonia I. Seneviratne. Observed
changes in dry-season water availability attributed to human-induced climate change. Nature
Geoscience, 13:477–481, 2020. doi: 10.1038/s41561-020-0594-1.

Xin Pan, Suyi Liu, Kevin Tansey, Xingwang Fan, Zi Yang, Jie Yuan, Zhanchuan Wang, Yingbao Yang,
and Yuanbo Liu. Spatio-temporal variation of evapotranspiration and its linkage with environmental
factors in the largest freshwater lake wetland in China. Journal of Hydrology: Regional Studies,
47:101424, 2023. doi: 10.1016/j.ejrh.2023.101424.

Christina Papagiannopoulou, Diego G. Miralles, Stijn Decubber, Matthias Demuzere, Niko E. C.
Verhoest, Wouter A. Dorigo, and Willem Waegeman. A non-linear Granger-causality framework
to investigate climate–vegetation dynamics. Geoscientific Model Development, 10:1945–1960,
2017. doi: 10.5194/gmd-10-1945-2017.

Gilberto Pastorello, Carlo Trotta, Eleonora Canfora, Housen Chu, Danielle Christianson, You-Wei
Cheah, Cristina Poindexter, Jiquan Chen, Abdelrahman Elbashandy, Marty Humphrey, Peter Isaac,
Diego Polidori, Alessio Ribeca, Catharine van Ingen, Leiming Zhang, Brian Amiro, Christof
Ammann, M. Altaf Arain, Timothy Arkebauer, Stefan K. Arndt, Nicola Arriga, Marc Aubinet, Mika

124



Bibliography

Aurela, Dennis Baldocchi, Alan Barr, Eric Beamesderfer, Luca Belelli Marchesini, Onil Bergeron,
Jason Beringer, Christian Bernhofer, Daniel Berveiller, Dave Billesbach, Thomas Andrew Black,
Peter D. Blanken, Gil Bohrer, Julia Boike, Paul V. Bolstad, Damien Bonal, Jean-Marc Bonnefond,
David R. Bowling, Rosvel Bracho, Jason Brodeur, Nina Buchmann, Benoit Burban, Sean P.
Burns, Pauline Buysse, Peter Cale, Mauro Cavagna, Pierre Cellier, Shiping Chen, Isaac Chini,
Torben R. Christensen, James Cleverly, Alessio Collalti, Claudia Consalvo, Bruce D. Cook, David
Cook, Carole Coursolle, Edoardo Cremonese, Peter S. Curtis, Humberto da Rocha, Xiaoqin Dai,
Kenneth J. Davis, Bruno De Cinti, Agnes de Grandcourt, Anne De Ligne, Raimundo C. De Oliveira,
Nicolas Delpierre, Ankur R. Desai, Carlos Marcelo Di Bella, Paul di Tommasi, Han Dolman,
Francisco Domingo, Gang Dong, Sabina Dore, Pierpaolo Duce, Allison Dunn, Derek Eamus,
Uwe Eichelmann, Hatim Abdalla M. ElKhidir, Werner Eugster, Cacilia M. Ewenz, Brent Ewers,
Daniela Famulari, Silvano Fares, Iris Feigenwinter, Andrew Feitz, Rasmus Fensholt, Gianluca
Filippa, Marc Fischer, John Frank, Marta Galvagno, Mana Gharun, Damiano Gianelle, Bert
Gielen, Beniamino Gioli, Anatoly Gitelson, Ignacio Goded, Mathias Goeckede, Allen H. Goldstein,
Christopher M. Gough, Michael L. Goulden, Alexander Graf, Anne Griebel, Carsten Gruening,
Albin Hammerle, Shijie Han, Xingguo Han, Birger Ulf Hansen, Chad Hanson, Juha Hatakka,
Yongtao He, Markus Hehn, Bernard Heinesch, Nina Hinko-Najera, Lindsay Hutley, Andreas
Ibrom, Hiroki Ikawa, Marcin Jackowicz-Korczynski, Wilma Jans, Rachhpal Jassal, Shicheng
Jiang, Tomomichi Kato, Myroslava Khomik, Janina Klatt, Alexander Knohl, Sara Knox, Hideki
Kobayashi, Georgia Koerber, Olaf Kolle, Yoshiko Kosugi, Ayumi Kotani, Andrew Kowalski, Bart
Kruijt, Julia Kurbatova, Werner L. Kutsch, Hyojung Kwon, Samuli Launiainen, Tuomas Laurila,
Bev Law, Ray Leuning, Yingnian Li, Michael Liddell, Jean-Marc Limousin, Marryanna Lion,
Adam J. Liska, Annalea Lohila, Benjamin Loubet, Denis Loustau, Antje Lucas-Moffat, Siyan Ma,
Craig Macfarlane, Vincenzo Magliulo, Regine Maier, Ivan Mammarella, Giovanni Manca, Barbara
Marcolla, Hank A. Margolis, Serena Marras, William Massman, Mikhail Mastepanov, Roser
Matamala, Jaclyn Hatala Matthes, Francesco Mazzenga, Harry McCaughey, Ian McHugh, Andrew
M. S. McMillan, Lutz Merbold, Wayne Meyer, Tilden Meyers, Scott D. Miller, Stefano Minerbi, Uta
Moderow, Russell K. Monson, Leonardo Montagnani, Caitlin E. Moore, Eddy Moors, Virginie
Moreaux, Christine Moureaux, J. William Munger, Taro Nakai, Johan Neirynck, Zoran Nesic,
Giacomo Nicolini, Asko Noormets, Matthew Northwood, Marcelo Nosetto, Yann Nouvellon,
Kimberly Novick, Walter Oechel, Jean-Marc Ourcival, Shirley A. Papuga, Frans-Jan Parmentier,
Eugenie Paul-Limoges, Marian Pavelka, Matthias Peichl, Elise Pendall, Richard P. Phillips, Kim
Pilegaard, Norbert Pirk, Gabriela Posse, Thomas Powell, Heiko Prasse, Suzanne M. Prober, Serge
Rambal, Ãœllar Rannik, Naama Raz-Yaseef, David Reed, Victor Resco de Dios, Natalia Restrepo-
Coupe, Borja R. Reverter, Marilyn Roland, Simone Sabbatini, Torsten Sachs, Scott R. Saleska,
Zulia M. Sanchez-Mejia, Hans Peter Schmid, Marius Schmidt, Karl Schneider, Frederik Schrader,
Ivan Schroder, Russell L. Scott, Changliang Shao, Peili Shi, Ivan Shironya, Lukas Siebicke,
Richard Silberstein, Costantino Sirca, Donatella Spano, Rainer Steinbrecher, Robert M. Stevens,
Cove Sturtevant, Andy Suyker, Torbern Tagesson, Satoru Takanashi, Yanhong Tang, Nigel Tapper,
Jonathan Thom, Frank Tiedemann, Michele Tomassucci, Juha-Pekka Tuovinen, Shawn Urbanski,
Riccardo Valentini, Michiel van der Molen, Eva van Gorsel, Ko van Huissteden, Andrej Varlagin,
Joseph Verfaillie, Timo Vesala, Caroline Vincke, Domenico Vitale, Natalia Vygodskaya, Jeffrey P.

125



Bibliography

Walker, Elizabeth Walter-Shea, Huimin Wang, Robin Weber, Sebastian Westermann, Christian
Wille, Steven Wofsy, Georg Wohlfahrt, Sebastian Wolf, William Woodgate, Yuelin Li, Roberto
Zampedri, Junhui Zhang, Guoyi Zhou, Donatella Zona, Deb Agarwal, Sebastien Biraud, Margaret
Torn, and Dario Papale. The FLUXNET2015 dataset and the ONEFlux processing pipeline for
eddy covariance data. Scientific Data, 7:225, 2020. doi: 10.1038/s41597-020-0534-3.

Judea Pearl. Causal inference in statistics: An overview. Statistics Surveys, 3:96–146, 2009. doi:
10.1214/09-SS057.

C. E. Phillips, U. S. Nair, R. Mahmood, E. Rappin, and R. A. Pielke Sr. Influence of irrigation
on diurnal mesoscale circulations: Results from grainex. Geophysical Research Letters, 49:
e2021GL096822, 2022. doi: https://doi.org/10.1029/2021GL096822.

Roger A. Pielke, Andy Pitman, Dev Niyogi, Rezaul Mahmood, Clive McAlpine, Faisal Hossain, Kees
Klein Goldewijk, Udaysankar Nair, Richard Betts, Sowmya Fall, Markus Reichstein, Pavel Kabat,
and Nathalie de Noblet-Ducoudre. Land use/land cover changes and climate: modeling analysis
and observational evidence. WIREs Climate Change, 2:828–850, 2011. doi: 10.1002/wcc.144.

A. J. Pitman, N. de Noblet-Ducoudré, F. T. Cruz, E. L. Davin, G. B. Bonan, V. Brovkin, M. Claussen,
C. Delire, L. Ganzeveld, N. Gedney, B. J. J. M. van den Hurk, P. J. Lawrence, M. K. van der
Molen, G. Myhre, S. I. Seneviratne, B. Strengers, A. Voldoire, and C. Reick. Uncertainties in
climate responses to past land cover change: First results from the lucid intercomparison study.
Geophysical Research Letters, 36:L14814, 2009. doi: 10.1029/2009GL039076.

Yadu N. Pokhrel, Naota Hanasaki, Yoshihide Wada, and Hyungjun Kim. Recent progresses in incor-
porating human land–water management into global land surface models toward their integration
into Earth system models. WIREs Water, 3:548–574, 2016. doi: 10.1002/wat2.1150.

S. Poll, P. Rigor, S. Brdar, H. T. M. Ho-Hagemann, C. Hartick, M. van Hulten, A. Gonzalez-
Nicolas, J. Keller, D. Caviedes-Voullieme, H.-J. Hendricks-Franssen, K. Goergen, and S. Kollet.
The new tsmp2 coupled earth system model. EGUsphere, 2025:1–28, 2025. doi: 10.5194/
egusphere-2025-5468.

Christina Pop, Jürgen Böhner, Peter Hoffmann, Joni-Pekka Pietikäinen, and Diana Rechid. The
role of horizontal resolution in modeling irrigation effects with a coupled regional climate model
system up to convection-permitting scale. Journal of Geophysical Research: Atmospheres, 130
(18):e2024JD043227, 2025. ISSN 2169-8996. doi: 10.1029/2024JD043227.

Liubov Poshyvailo-Strube, Niklas Wagner, Klaus Goergen, Carina Furusho-Percot, Carl Hartick, and
Stefan Kollet. Groundwater in terrestrial systems modelling: a new climatology of extreme heat
events in Europe. preprint, Earth system change: climate scenarios, 2022.

Liubov Poshyvailo-Strube, Niklas Wagner, Klaus Goergen, Carina Furusho-Percot, Carl Hartick, and
Stefan Kollet. Impact of groundwater representation on heat events in regional climate simulations
over Europe. Earth System Dynamics, 15:167–189, 2024. doi: 10.5194/esd-15-167-2024.

126



Bibliography

Andreas F. Prein, Wolfgang Langhans, Giorgia Fosser, Andrew Ferrone, Nikolina Ban, Klaus Go-
ergen, Michael Keller, Merja Tölle, Oliver Gutjahr, Frauke Feser, Erwan Brisson, Stefan Kollet,
Juerg Schmidli, Nicole P. M. van Lipzig, and Ruby Leung. A review on regional convection-
permitting climate modeling: Demonstrations, prospects, and challenges. Reviews of Geophysics,
53:323–361, 2015. doi: 10.1002/2014RG000475.

Cheng Qian, Yangbo Ye, Emanuele Bevacqua, and Jakob Zscheischler. Human influences on spatially
compounding flooding and heatwave events in China and future increasing risks. Weather and
Climate Extremes, 42:100616, 2023. doi: 10.1016/j.wace.2023.100616.

Yun Qian, Maoyi Huang, Ben Yang, and Larry K. Berg. A Modeling Study of Irrigation Effects
on Surface Fluxes and Land–Air–Cloud Interactions in the Southern Great Plains. Journal of
Hydrometeorology, 14:700–721, 2013. doi: 10.1175/JHM-D-12-0134.1.

Yun Qian, Zhao Yang, Zhe Feng, Ying Liu, William I. Gustafson, Larry K. Berg, Maoyi Huang, Ben
Yang, and Hsi-Yen Ma. Neglecting irrigation contributes to the simulated summertime warm-and-
dry bias in the central United States. npj Climate and Atmospheric Science, 3:1–10, 2020. doi:
10.1038/s41612-020-00135-w.

Yamin Qing, Shuo Wang, Zong-Liang Yang, Pierre Gentine, Boen Zhang, and Jagger Alexander.
Accelerated soil drying linked to increasing evaporative demand in wet regions. npj Climate and
Atmospheric Science, 6:1–10, 2023. doi: 10.1038/s41612-023-00531-y.

M. Rahman, M. Sulis, and S. J. Kollet. The concept of dual-boundary forcing in land surface-
subsurface interactions of the terrestrial hydrologic and energy cycles. Water Resources Research,
50:8531–8548, 2014. doi: 10.1002/2014WR015738.

P. Rai, K. Ziegler, D. Abel, F. Pollinger, and H. Paeth. Performance of a regional climate model with
interactive vegetation (REMO-iMOVE) over Central Asia. Theoretical and Applied Climatology,
150:1385–1405, 2022. doi: 10.1007/s00704-022-04233-y.

José A. Rial, Roger A. Pielke, Martin Beniston, Martin Claussen, Josep Canadell, Peter Cox, Her-
mann Held, Nathalie De Noblet-Ducoudré, Ronald Prinn, James F. Reynolds, and José D. Salas.
Nonlinearities, Feedbacks and Critical Thresholds within the Earth’s Climate System. Climatic
Change, 65:11–38, 2004. doi: 10.1023/B:CLIM.0000037493.89489.3f.

L. A. Richards. Capillary conduction of liquids through porous mediums. Physics, 1:318–333, 1931.
doi: 10.1063/1.1745010.

Hannes Risken. The Fokker-Planck Equation: Methods of Solution and Applications, volume 18.
1996. ISBN 978-3-540-61530-9 978-3-642-61544-3. doi: 10.1007/978-3-642-61544-3.

Gerard Roe. Feedbacks, Timescales, and Seeing Red. Annual Review of Earth and Planetary Sciences,
37:93–115, 2009. doi: 10.1146/annurev.earth.061008.134734.

Paul E. Roundy, Naoko Sakaeda, Kyle MacRitchie, and Lawrence Gloeckler. Weather-Climate
Interactions and MJO Influences. In Climate Extremes, pages 139–163. 2017. ISBN 978-1-119-
06802-0. doi: 10.1002/9781119068020.ch9.

127



Bibliography

Efi Rousi, Andreas H. Fink, Lauren S. Andersen, Florian N. Becker, Goratz Beobide-Arsuaga, Marcus
Breil, Giacomo Cozzi, Jens Heinke, Lisa Jach, Deborah Niermann, Dragan Petrovic, Andy Rich-
ling, Johannes Riebold, Stella Steidl, Laura Suarez-Gutierrez, Jordis S. Tradowsky, Dim Coumou,
André Düsterhus, Florian Ellsäßer, Georgios Fragkoulidis, Daniel Gliksman, Dörthe Handorf,
Karsten Haustein, Kai Kornhuber, Harald Kunstmann, Joaquim G. Pinto, Kirsten Warrach-Sagi,
and Elena Xoplaki. The extremely hot and dry 2018 summer in central and northern Europe from
a multi-faceted weather and climate perspective. Natural Hazards and Earth System Sciences, 23:
1699–1718, 2023. doi: 10.5194/nhess-23-1699-2023.

Benjamin L. Ruddell and Praveen Kumar. Ecohydrologic process networks: 2. Analysis and charac-
terization. Water Resources Research, 45, 2009a. doi: 10.1029/2008WR007280.

Benjamin L. Ruddell and Praveen Kumar. Ecohydrologic process networks: 1. Identification. Water
Resources Research, 45, 2009b. doi: 10.1029/2008WR007279.

Benjamin L. Ruddell, Darren T. Drewry, and Grey S. Nearing. Information Theory for Model Diag-
nostics: Structural Error is Indicated by Trade-Off Between Functional and Predictive Performance.
Water Resources Research, 55:6534–6554, 2019. doi: 10.1029/2018WR023692.

J. Runge. Causal network reconstruction from time series: From theoretical assumptions to practical
estimation. Chaos: An Interdisciplinary Journal of Nonlinear Science, 28:075310, 2018. doi:
10.1063/1.5025050.

Jakob Runge, Peer Nowack, Marlene Kretschmer, Seth Flaxman, and Dino Sejdinovic. Detecting
and quantifying causal associations in large nonlinear time series datasets. Science Advances, 5:
eaau4996, 2019. doi: 10.1126/sciadv.aau4996.

Jakob Runge, Andreas Gerhardus, Gherardo Varando, Veronika Eyring, and Gustau Camps-Valls.
Causal inference for time series. Nature Reviews Earth & Environment, pages 1–19, 2023. doi:
10.1038/s43017-023-00431-y.

Guido D Salvucci, Jennifer A Saleem, and Robert Kaufmann. Investigating soil moisture feedbacks
on precipitation with tests of Granger causality. Advances in Water Resources, 25:1305–1312,
2002. doi: 10.1016/S0309-1708(02)00057-X.

Joseph A. Santanello, Christa D. Peters-Lidard, Sujay V. Kumar, Charles Alonge, and Wei-Kuo Tao.
A Modeling and Observational Framework for Diagnosing Local Land–Atmosphere Coupling on
Diurnal Time Scales. Journal of Hydrometeorology, 2009. doi: 10.1175/2009JHM1066.1.

Joseph A. Santanello, Christa D. Peters-Lidard, and Sujay V. Kumar. Diagnosing the Sensitivity of
Local Land–Atmosphere Coupling via the Soil Moisture–Boundary Layer Interaction. Journal of
Hydrometeorology, 12:766–786, 2011. doi: 10.1175/JHM-D-10-05014.1.

Joseph A. Santanello, Paul A. Dirmeyer, Craig R. Ferguson, Kirsten L. Findell, Ahmed B. Tawfik,
Alexis Berg, Michael Ek, Pierre Gentine, Benoit P. Guillod, Chiel van Heerwaarden, Joshua
Roundy, and Volker Wulfmeyer. Land–Atmosphere Interactions: The LoCo Perspective. Bulletin
of the American Meteorological Society, 99:1253–1272, 2018. doi: 10.1175/BAMS-D-17-0001.1.

128



Bibliography

Joséphine Schmutz, Mathieu Vrac, Bastien François, and Burak Bulut. Spatial structures of emerging
hot & dry compound events over Europe from 1950 to 2023, 2025.

Thomas Schwitalla, Lisa Jach, Volker Wulfmeyer, and Kirsten Warrach-Sagi. Soil moisture-
atmosphere coupling strength over Central Europe in the recent warming climate. preprint,
Atmospheric, Meteorological and Climatological Hazards, 2023.

J. Sedlar, L. D. Riihimaki, D. D. Turner, J. Duncan, B. Adler, L. Bianco, K. Lantz, J. Wilczak, E. Hall,
C. Herrera, and Gary B. Hodges. Investigating the Impacts of Daytime Boundary Layer Clouds
on Surface Energy Fluxes and Boundary Layer Structure During CHEESEHEAD19. Journal of
Geophysical Research: Atmospheres, 127:e2021JD036060, 2022. doi: 10.1029/2021JD036060.

Sonia I. Seneviratne, Daniel Lüthi, Michael Litschi, and Christoph Schär. Land–atmosphere coupling
and climate change in Europe. Nature, 443:205–209, 2006. doi: 10.1038/nature05095.

Sonia I. Seneviratne, Thierry Corti, Edouard L. Davin, Martin Hirschi, Eric B. Jaeger, Irene Lehner,
Boris Orlowsky, and Adriaan J. Teuling. Investigating soil moisture–climate interactions in a
changing climate: A review. Earth-Science Reviews, 99:125–161, 2010. doi: 10.1016/j.earscirev.
2010.02.004.

Sonia I. Seneviratne, Micah Wilhelm, Tanja Stanelle, Bart van den Hurk, Stefan Hagemann, Alexis
Berg, Frederique Cheruy, Matthew E. Higgins, Arndt Meier, Victor Brovkin, Martin Claussen,
Agnès Ducharne, Jean-Louis Dufresne, Kirsten L. Findell, Joséfine Ghattas, David M. Lawrence,
Sergey Malyshev, Markku Rummukainen, and Benjamin Smith. Impact of soil moisture-climate
feedbacks on CMIP5 projections: First results from the GLACE-CMIP5 experiment. Geophysical
Research Letters, 40:5212–5217, 2013. doi: 10.1002/grl.50956.

Sonia I. Seneviratne, Richard Wartenburger, Benoit P. Guillod, Annette L. Hirsch, Martha M.
Vogel, Victor Brovkin, Detlef P. van Vuuren, Nathalie Schaller, Lena Boysen, Katherine V.
Calvin, Jonathan Doelman, Peter Greve, Petr Havlik, Florian Humpenöder, Tamas Krisztin, Daniel
Mitchell, Alexander Popp, Keywan Riahi, Joeri Rogelj, Carl-Friedrich Schleussner, Jana Sillmann,
and Elke Stehfest. Climate extremes, land–climate feedbacks and land-use forcing at 1.5°C. Philo-
sophical Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences,
376:20160450, 2018. doi: 10.1098/rsta.2016.0450.

Harsh L. Shah, Tian Zhou, Maoyi Huang, and Vimal Mishra. Strong Influence of Irrigation on
Water Budget and Land Surface Temperature in Indian Subcontinental River Basins. Journal of
Geophysical Research: Atmospheres, 124:1449–1462, 2019. doi: 10.1029/2018JD029132.

C. E. Shannon. A mathematical theory of communication. Bell System Technical Journal, 27:
379–423, 623–656, 1948. ISSN 0005-8580. doi: 10.1002/j.1538-7305.1948.tb01338.x.

P. Shrestha, M. Sulis, M. Masbou, S. Kollet, and C. Simmer. A Scale-Consistent Terrestrial Systems
Modeling Platform Based on COSMO, CLM, and ParFlow. Monthly Weather Review, 142:3466–
3483, 2014. doi: 10.1175/MWR-D-14-00029.1.

129



Bibliography

J. Shukla and Y. Mintz. Influence of Land-Surface Evapotranspiration on the Earth’s Climate. Science,
1982. doi: 10.1126/science.215.4539.1498.

S. Siebert, J. Burke, J. M. Faures, K. Frenken, J. Hoogeveen, P. Döll, and F. T. Portmann. Groundwater
use for irrigation – a global inventory. Hydrology and Earth System Sciences, 14:1863–1880, 2010.
doi: 10.5194/hess-14-1863-2010.

Stefan Siebert and Petra Döll. Quantifying blue and green virtual water contents in global crop
production as well as potential production losses without irrigation. Journal of Hydrology, 384:
198–217, 2010. doi: 10.1016/j.jhydrol.2009.07.031.

Giannis Sofiadis, Eleni Katragkou, Edouard L. Davin, Diana Rechid, Nathalie de Noblet-Ducoudre,
Marcus Breil, Rita M. Cardoso, Peter Hoffmann, Lisa Jach, Ronny Meier, Priscilla A. Mooney,
Pedro M. M. Soares, Susanna Strada, Merja H. Tölle, and Kirsten Warrach Sagi. Afforestation
impact on soil temperature in regional climate model simulations over Europe. Geoscientific Model
Development, 15:595–616, 2022. doi: 10.5194/gmd-15-595-2022.

S. Somot, F. Sevault, M. Déqué, and M. Crépon. 21st century climate change scenario for the
Mediterranean using a coupled atmosphere–ocean regional climate model. Global and Planetary
Change, 63:112–126, 2008. doi: 10.1016/j.gloplacha.2007.10.003.

Yuanyuan Song, Jiangfeng Wei, Haoqiu Cheng, and Beilei Zan. Irrigation in the North China plain
regulates the diurnal cycle of precipitation and regional water cycle. Climate Dynamics, 2024. doi:
10.1007/s00382-024-07208-z.

Peter Spirtes and Clark Glymour. An Algorithm for Fast Recovery of Sparse Causal Graphs. Social
Science Computer Review, 9:62–72, 1991. doi: 10.1177/089443939100900106.

Will Steffen, Angelina Sanderson, Peter Tyson, Jill Jäger, Pamela Matson, Berrien Moore, Frank
Oldfield, Katherine Richardson, H. John Schellnhuber, B. L. Turner, and Robert J. Wasson. Global
Change and the Earth System: A Planet Under Pressure. Global Change — The IGBP Series.
Berlin, Heidelberg, 2005. ISBN 978-3-540-26594-8 978-3-540-26607-5. doi: 10.1007/b137870.

Bart J. Strengers, Christoph Müller, Michiel Schaeffer, Reindert J. Haarsma, Camiel Severijns,
Dieter Gerten, Sibyll Schaphoff, Roy van den Houdt, and Rineke Oostenrijk. Assessing 20th
century climate–vegetation feedbacks of land-use change and natural vegetation dynamics in a
fully coupled vegetation–climate model. International Journal of Climatology, 30:2055–2065,
2010. doi: 10.1002/joc.2132.

George Sugihara, Robert May, Hao Ye, Chih-hao Hsieh, Ethan Deyle, Michael Fogarty, and Stephan
Munch. Detecting causality in complex ecosystems. Science, 338:496–500, 2012a. doi: 10.1126/
science.1227079.

George Sugihara, Robert May, Hao Ye, Chih-hao Hsieh, Ethan Deyle, Michael Fogarty, and Stephan
Munch. Detecting Causality in Complex Ecosystems. Science, 338:496–500, 2012b. doi: 10.
1126/science.1227079.

130



Bibliography

Yuhei Takaya, Naresh G. Ganeshi, Yu Kosaka, X. San Liang, and Tomonori Sato. Influence of
soil moisture on surface air temperature in monsoons. Geophysical Research Letters, 52(20):
e2025GL115760. ISSN 1944-8007.

Yuhei Takaya, Kensuke K. Komatsu, Naresh Govind Ganeshi, Takahiro Toyoda, and Hiroyasu Hasumi.
A sub-monthly timescale causality between snow cover and surface air temperature in the Northern
Hemisphere inferred by Liang–Kleeman information flow analysis. Climate Dynamics, 2024. doi:
10.1007/s00382-024-07112-6.

Floris Takens. Detecting strange attractors in turbulence. In Dynamical Systems and Turbulence,
Warwick 1980. 2006. doi: 10.1007/BFb0091924.

Karl E. Taylor, Ronald J. Stouffer, and Gerald A. Meehl. An Overview of CMIP5 and the Experiment
Design. Bulletin of the American Meteorological Society, 2012. doi: 10.1175/BAMS-D-11-00094.
1.

Ernesto Tejedor, Gerardo Benito, Roberto Serrano-Notivoli, Fidel González-Rouco, Jan Esper, and
Ulf Büntgen. Recent heatwaves as a prelude to climate extremes in the western Mediterranean
region. npj Climate and Atmospheric Science, 7:1–7, 2024. doi: 10.1038/s41612-024-00771-6.

Tobias Tesch, Stefan Kollet, and Jochen Garcke. Causal deep learning models for studying
the Earth system. Geoscientific Model Development, 16:2149–2166, 2023. doi: 10.5194/
gmd-16-2149-2023.

Adriaan J. Teuling, Sonia I. Seneviratne, Reto Stöckli, Markus Reichstein, Eddy Moors, Philippe
Ciais, Sebastiaan Luyssaert, Bart van den Hurk, Christof Ammann, Christian Bernhofer, Ebba
Dellwik, Damiano Gianelle, Bert Gielen, Thomas Grünwald, Katja Klumpp, Leonardo Montag-
nani, Christine Moureaux, Matteo Sottocornola, and Georg Wohlfahrt. Contrasting response of
European forest and grassland energy exchange to heatwaves. Nature Geoscience, 3:722–727,
2010. doi: 10.1038/ngeo950.

Wim Thiery, Edouard L. Davin, David M. Lawrence, Annette L. Hirsch, Mathias Hauser, and Sonia I.
Seneviratne. Present-day irrigation mitigates heat extremes. Journal of Geophysical Research:
Atmospheres, 122:1403–1422, 2017. doi: 10.1002/2016JD025740.

Wim Thiery, Auke J. Visser, Erich M. Fischer, Mathias Hauser, Annette L. Hirsch, David M.
Lawrence, Quentin Lejeune, Edouard L. Davin, and Sonia I. Seneviratne. Warming of hot
extremes alleviated by expanding irrigation. Nature Communications, 11:290, 2020. doi:
10.1038/s41467-019-14075-4.

Jingjing Tian, Yunyan Zhang, Stephen A. Klein, Rusen Öktem, and Likun Wang. How Does Land
Cover and Its Heterogeneity Length Scales Affect the Formation of Summertime Shallow Cumulus
Clouds in Observations From the US Southern Great Plains? Geophysical Research Letters, 49:
e2021GL097070, 2022. doi: 10.1029/2021GL097070.

Yinglin Tian, Domenico Giaquinto, Giorgia Di Capua, Judith N. Claassen, Javed Ali, Hao Li,
and Carlo De Michele. Historical changes in the Causal Effect Networks of compound hot and

131



Bibliography

dry extremes in central Europe. Communications Earth & Environment, 5:1–14, 2024. doi:
10.1038/s43247-024-01934-2.

M. Tiedtke. A Comprehensive Mass Flux Scheme for Cumulus Parameterization in Large-Scale
Models. 1989.

Samuel Tuttle and Guido Salvucci. Empirical evidence of contrasting soil moisture–precipitation
feedbacks across the United States. Science, 352:825–828, 2016. doi: 10.1126/science.aaa7185.

S. Valcke. The OASIS3 coupler: a European climate modelling community software. Geoscientific
Model Development, 6:373–388, 2013. doi: 10.5194/gmd-6-373-2013.

Arianna Valmassoi and Jan D. Keller. A review on irrigation parameterizations in Earth system
models. Frontiers in Water, 4, 2022. doi: 10.3389/frwa.2022.906664.

Yoshihide Wada, Inge E. M. de Graaf, and Ludovicus P. H. van Beek. High-resolution modeling of
human and climate impacts on global water resources. Journal of Advances in Modeling Earth
Systems, 8:735–763, 2016. doi: 10.1002/2015MS000618.

Anqian Wang, Hui Tao, Gang Ding, Baolei Zhang, Jinlong Huang, and Quanyuan Wu. Global
cropland exposure to extreme compound drought heatwave events under future climate change.
Weather and Climate Extremes, 40:100559, 2023. doi: 10.1016/j.wace.2023.100559.

Jinxia Wang, Yu Yang, Jikun Huang, and Bhim Adhikari. Adaptive irrigation measures in response to
extreme weather events: empirical evidence from the North China plain. Regional Environmental
Change, 19:1009–1022, 2019a. doi: 10.1007/s10113-018-1442-3.

Jun Wang, Jinming Feng, Zhongwei Yan, Yonghong Hu, and Gensuo Jia. Nested high-resolution
modeling of the impact of urbanization on regional climate in three vast urban agglomerations in
China. Journal of Geophysical Research: Atmospheres, 117, 2012. doi: 10.1029/2012JD018226.

Longhuan Wang, Zhenghui Xie, Binghao Jia, Jinbo Xie, Yan Wang, Bin Liu, Ruichao Li, and Si Chen.
Contributions of climate change and groundwater extraction to soil moisture trends. Earth System
Dynamics, 10:599–615, 2019b. doi: 10.5194/esd-10-599-2019.

Xiaoxin Wang, Xianmei Lang, and Dabang Jiang. Human activities increased compound drought and
heat events over China during 1961–2014. International Journal of Climatology, 44:5090–5103,
2024a. doi: 10.1002/joc.8625.

Xuanxuan Wang, Yongming Cheng, Liu Liu, Qiankun Niu, and Guanhua Huang. Improved under-
standing of how irrigated area expansion enhances precipitation recycling by land–atmosphere cou-
pling. Agricultural Water Management, 299:108904, 2024b. doi: 10.1016/j.agwat.2024.108904.

Yunqian Wang, Jing Yang, Yaning Chen, Philippe De Maeyer, Zhi Li, and Weili Duan. Detecting
the Causal Effect of Soil Moisture on Precipitation Using Convergent Cross Mapping. Scientific
Reports, 8:12171, 2018. doi: 10.1038/s41598-018-30669-2.

132



Bibliography

Jiangfeng Wei, Paul A. Dirmeyer, and Zhichang Guo. Sensitivities of soil wetness simulation
to uncertainties in precipitation and radiation. Geophysical Research Letters, 35, 2008. doi:
10.1029/2008GL034494.

Jiangfeng Wei, Paul A. Dirmeyer, Dominik Wisser, Michael G. Bosilovich, and David M. Mocko.
Where Does the Irrigation Water Go? An Estimate of the Contribution of Irrigation to Precipitation
Using MERRA. Journal of Hydrometeorology, 14:275–289, 2013. doi: 10.1175/JHM-D-12-079.
1.

Paul L. Williams and Randall D. Beer. Nonnegative Decomposition of Multivariate Information,
2010.

Liyang Wu, Jinming Feng, Fen Qin, and Yuan Qiu. Regional Climate Effects of Irrigation Over
Central Asia Using Weather Research and Forecasting Model. Journal of Geophysical Research:
Atmospheres, 127, 2022. doi: 10.1029/2021JD036210.

Volker Wulfmeyer, David D. Turner, B. Baker, R. Banta, A. Behrendt, T. Bonin, W. A. Brewer,
M. Buban, A. Choukulkar, E. Dumas, R. M. Hardesty, T. Heus, J. Ingwersen, D. Lange, T. R.
Lee, S. Metzendorf, S. K. Muppa, T. Meyers, R. Newsom, M. Osman, S. Raasch, J. Santanello,
C. Senff, F. Späth, T. Wagner, and T. Weckwerth. A New Research Approach for Observing and
Characterizing Land–Atmosphere Feedback. Bulletin of the American Meteorological Society, 99:
1639–1667, 2018. doi: 10.1175/BAMS-D-17-0009.1.

Yi Xu, Juan Fang, Pinya Wang, Xuexing Qiu, and Jianping Tang. Effect of Soil Moisture on Future
Heatwaves Over Eastern China: Convection-Permitting Regional Climate Simulations. Journal of
Geophysical Research: Atmospheres, 129:e2024JD041654, 2024. doi: 10.1029/2024JD041654.

Vivek Kumar Yadav, Murray Peel, Keirnan Fowler, Dongryeol Ryu, and Bramha Dutt Vishwakarma.
Cause-effect discovery in Hydrometeorological Systems: Evaluation of Causal Discovery methods.
EGUsphere, pages 1–51, 2025. doi: 10.5194/egusphere-2025-4650.

Hongwei Yang, Zesu Yang, and Hang He. Summer soil moisture-convective precipitation coupling
in Northern China at different timescales. Journal of Hydrology: Regional Studies, 61:102685,
2025. doi: 10.1016/j.ejrh.2025.102685.

Qiquan Yang, Xin Huang, and Qiuhong Tang. Irrigation cooling effect on land surface temperature
across China based on satellite observations. Science of The Total Environment, 705:135984, 2020.
doi: 10.1016/j.scitotenv.2019.135984.

Xueli Yang, Peiyuan Li, and Zhi-Hua Wang. The impact of urban irrigation on the temperature-
carbon feedback in U.S. cities. Journal of Environmental Management, 344:118452, 2023. doi:
10.1016/j.jenvman.2023.118452.

Zhao Yang, Yun Qian, Ying Liu, Larry K. Berg, Huancui Hu, Francina Dominguez, Ben Yang,
Zhe Feng, William I. Gustafson Jr, Maoyi Huang, and Qi Tang. Irrigation Impact on Water and
Energy Cycle During Dry Years Over the United States Using Convection-Permitting WRF and a

133



Bibliography

Dynamical Recycling Model. Journal of Geophysical Research: Atmospheres, 124:11220–11241,
2019. doi: 10.1029/2019JD030524.

Yi Yao, Agnès Ducharne, Benjamin I. Cook, Steven J. De Hertog, Kjetil Schanke Aas, Pedro F.
Arboleda-Obando, Jonathan Buzan, Jeanne Colin, Maya Costantini, Bertrand Decharme, David M.
Lawrence, Peter Lawrence, L. Ruby Leung, Min-Hui Lo, Narayanappa Devaraju, William R.
Wieder, Ren-Jie Wu, Tian Zhou, Jonas Jägermeyr, Sonali McDermid, Yadu Pokhrel, Maxwell
Elling, Naota Hanasaki, Paul Muñoz, Larissa S. Nazarenko, Kedar Otta, Yusuke Satoh, Tokuta
Yokohata, Lei Jin, Xuhui Wang, Vimal Mishra, Subimal Ghosh, and Wim Thiery. Impacts of
irrigation expansion on moist-heat stress based on IRRMIP results. Nature Communications, 16:
1045, 2025. doi: 10.1038/s41467-025-56356-1.

Donghyuck Yoon, Jan-Huey Chen, and Eunkyo Seo. Contribution of land-atmosphere coupling in
2022 CONUS compound drought-heatwave events and implications for forecasting. Weather and
Climate Extremes, 46:100722, 2024. doi: 10.1016/j.wace.2024.100722.

Nanshan You, Jessica Till, David B. Lobell, Peng Zhu, Paul C. West, Hui Kong, Wei Li, Michael
Sprenger, Nelson B. Villoria, Pengfei Li, Yi Yang, and Zhenong Jin. Climate-driven global
cropland changes and consequent feedbacks. Nature Geoscience, 18:639–645, 2025. doi: 10.
1038/s41561-025-01724-1.

Tiangang Yuan, Amos P. K. Tai, Jia Mao, Oscar H. F. Tam, Ronald K. K. Li, Jin Wu, and Sien Li.
Effects of different irrigation methods on regional climate in North China Plain: A modeling study.
Agricultural and Forest Meteorology, 342:109728, 2023. doi: 10.1016/j.agrformet.2023.109728.

Luca Zappa, Jacopo Dari, Sara Modanesi, Raphael Quast, Luca Brocca, Gabrielle De Lannoy,
Christian Massari, Pere Quintana-Seguí, Anais Barella-Ortiz, and Wouter Dorigo. Benefits and
pitfalls of irrigation timing and water amounts derived from satellite soil moisture. Agricultural
Water Management, 295:108773, 2024. doi: 10.1016/j.agwat.2024.108773.

D. F. Zhang, A. S. Zakey, X. J. Gao, F. Giorgi, and F. Solmon. Simulation of dust aerosol and its
regional feedbacks over East Asia using a regional climate model. Atmospheric Chemistry and
Physics, 9:1095–1110, 2009. doi: 10.5194/acp-9-1095-2009.

Hongxin Zhang, Hongxia Cao, Zhiming Zhao, Zhiyao Dou, Zhenqi Liao, Zhentao Bai, Sien Li,
Fucang Zhang, and Junliang Fan. Effects of irrigation interval and irrigation level on growth,
photosynthesis, fruit yield, quality, and water-nitrogen use efficiency of drip-fertigated greenhouse
tomatoes (solanum lycopersicum l.). Agronomy, 15, 2025. doi: 10.3390/agronomy15051068.

Jinxia Zhang, Shanshan Wang, Jianping Huang, Yongli He, and Yu Ren. The Precipitation-Recycling
Process Enhanced Extreme Precipitation in Xinjiang, China. Geophysical Research Letters, 50:
e2023GL104324, 2023. doi: 10.1029/2023GL104324.

Xianliang Zhang, Zhe Xiong, Xuezhen Zhang, Ying Shi, Jiyuan Liu, Quanqin Shao, and Xiaodong
Yan. Simulation of the climatic effects of land use/land cover changes in eastern China using
multi-model ensembles. Global and Planetary Change, 154:1–9, 2017. doi: 10.1016/j.gloplacha.
2017.05.003.

134



Bibliography

Xuezhen Zhang, Nana Ding, Songjun Han, and Qiuhong Tang. Irrigation-induced potential evapo-
transpiration decrease in the heihe river basin, northwest china, as simulated by the WRF model.
Journal of Geophysical Research: Atmospheres, 125(2):e2019JD031058, 2020. ISSN 2169-8996.
doi: 10.1029/2019JD031058.

Yikui Zhang, Niklas Wagner, Klaus Goergen, and Stefan Kollet. Summer evapotranspiration-cloud
feedbacks in land-atmosphere interactions over Europe. Climate Dynamics, 62:10767–10783,
2024. doi: 10.1007/s00382-024-07475-w.

Feihong Zhou, Daniel Fiifi Tawia Hagan, Guojie Wang, X. San Liang, Shijie Li, Yuhao Shao, Em-
manuel Yeboah, and Xikun Wei. Estimating time-dependent structures in a multi-variate causality
for land-atmosphere interactions. Journal of Climate, -1, 2024. doi: 10.1175/JCLI-D-23-0207.1.

Sha Zhou, A. Park Williams, Benjamin R. Lintner, Alexis M. Berg, Yao Zhang, Trevor F. Keenan,
Benjamin I. Cook, Stefan Hagemann, Sonia I. Seneviratne, and Pierre Gentine. Soil mois-
ture–atmosphere feedbacks mitigate declining water availability in drylands. Nature Climate
Change, 11:38–44, 2021. doi: 10.1038/s41558-020-00945-z.

Sha Zhou, A. Park Williams, Benjamin R. Lintner, Kirsten L. Findell, Trevor F. Keenan, Yao Zhang,
and Pierre Gentine. Diminishing seasonality of subtropical water availability in a warmer world
dominated by soil moisture–atmosphere feedbacks. Nature Communications, 13:5756, 2022. doi:
10.1038/s41467-022-33473-9.

Wanxue Zhu and Stefan Siebert. Climate-driven interannual variability in subnational irrigation
areas across Europe. Communications Earth & Environment, 5:1–13, 2024. doi: 10.1038/
s43247-024-01721-z.

Samuel C Zipper, Jessica Keune, and Stefan J Kollet. Land use change impacts on European
heat and drought: remote land-atmosphere feedbacks mitigated locally by shallow groundwater.
Environmental Research Letters, 14:044012, 2019. doi: 10.1088/1748-9326/ab0db3.

Jakob Zscheischler, Seth Westra, Bart J. J. M. van den Hurk, Sonia I. Seneviratne, Philip J. Ward,
Andy Pitman, Amir AghaKouchak, David N. Bresch, Michael Leonard, Thomas Wahl, and Xuebin
Zhang. Future climate risk from compound events. Nature Climate Change, 8:469–477, 2018.
doi: 10.1038/s41558-018-0156-3.

Jakob Zscheischler, Olivia Martius, Seth Westra, Emanuele Bevacqua, Colin Raymond, Radley M.
Horton, Bart van den Hurk, Amir AghaKouchak, Aglaé Jézéquel, Miguel D. Mahecha, Douglas
Maraun, Alexandre M. Ramos, Nina N. Ridder, Wim Thiery, and Edoardo Vignotto. A typology of
compound weather and climate events. Nature Reviews Earth & Environment, 1:333–347, 2020.
doi: 10.1038/s43017-020-0060-z.

135





Schriften des Forschungszentrums Jülich 
Reihe Energie & Umwelt / Energy & Environment 

 
Band / Volume 720 
Material design and stability of All-Solid-State Lithium batteries 
F. H. Al-Jaljouli (2026), xv, 174 pp 
ISBN: 978-3-95806-950-3 (Print) 
ISBN: 978-3-95806-951-0 (E-Book) 

 
Band / Volume 721 
Towards improved representation of the hydrological cycle by 
assimilating multi-source remotely sensed soil moisture data in terrestrial 
system models 
H. Zhao (2026), XVI, 139 pp 
ISBN: 978-3-95806-952-7 (Print) 
ISBN: 978-3-95806-953-4 (E-Book) 
 
Band / Volume 722 
Combining Lattice Boltzmann Simulation and Synchrotron Imaging to 
Study Bubble Dynamics in Electrodes of Vanadium Redox Flow Batteries 
K. Duan (2026), xxiii, 116 pp 
ISBN: 978-3-95806-954-1 (Print) 
ISBN: 978-3-95806-955-8 (E-Book) 
 
Band / Volume 723 
Geophysical characterization of landscapes along a climate and 
vegetation gradient in the Chilean coastal cordillera 
I. Dal Bo (2026), 138 pp 
ISBN: 978-3-95806-956-5 (Print) 
ISBN: 978-3-95806-957-2 (E-Book) 
 
Band / Volume 724 
Model informed assessment of observation impact for emission rate 
optimization using four-dimensional variational data assimilation 
A. Hermanns (2026), xvi, 109 Seiten 
ISBN: 978-3-95806-958-9 (Print) 
ISBN: 978-3-95806-959-6 (E-Book) 
 
Band / Volume 725 
Synthese und Bewertung hochaktiver Katalysatoren zur Herstellung 
höherer Alkohole aus Methanol als Kraftstoff 
J. Häusler (2026), xiii, 265 Seiten 
ISBN: 978-3-95806-962-6 (Print) 
ISBN: 978-3-95806-963-3 (E-Book) 



Schriften des Forschungszentrums Jülich 
Reihe Energie & Umwelt / Energy & Environment 

 
Band / Volume 726 
Development and Characterization of Ni3Fe Layered Double Hydroxide-
Based Oxygen-Evolution Electrodes for Anion Exchange Membrane Water 
Electrolysis 
I.Galkina (2026), vii, 173, xxxiii Seiten 
ISBN: 978-3-95806-966-4 (Print) 
ISBN: 978-3-95806-967-1 (E-Book) 
 
Band / Volume 727 
Surface Regeneration of Plasma-Facing Components by Wire-Based 
Laser Metal Deposition 
J. Tweer (2026), XX, 186 pp 
ISBN: 978-3-95806-970-1 (Print) 
ISBN: 978-3-95806-971-8 (E-Book) 
 
Band / Volume 728 
Reducing the noble metal and titanium content of anode PTLs in PEM 
water electrolysis – performance and degradation 
S. Zerressen (2026), XIII, 235 pp 
ISBN: 978-3-95806-972-5 (Print) 
ISBN: 978-3-95806-973-2 (E-Book) 
 
Band / Volume 729 
Gasfernleitungsnetze und deren Umstellung auf Wasserstoff 
T. A. Triesch (2026), 364 pp 
ISBN: 978-3-95806-978-7 (Print) 
ISBN: 978-3-95806-979-4 (E-Book) 
 
Band / Volume 730 
Land-Atmosphere Coupling in a Changing Climate: Understanding 
Variability, Extremes, and Human Influence through Regional Climate 
Modeling 
Y. Zhang (2026), 135 pp 
ISBN: 978-3-95806-980-0 (Print) 
ISBN: 978-3-95806-981-7 (E-Book) 
 

 
 

Weitere Schriften des Verlags im Forschungszentrum Jülich unter 
http://wwwzb1.fz-juelich.de/verlagextern1/index.asp 





Energie & Umwelt / Energy & Environment
Band / Volume 730
ISBN 978-3-95806-981-7 

Energie & Umwelt / Energy & Environment
Band / Volume 730
ISBN 978-3-95806-981-7 

Land–Atmosphere Coupling in a Changing Climate:  
Understanding Variability, Extremes, and Human Influence 
through Regional Climate Modeling
Yikui Zhang

730

En
er

gi
e 

& 
Um

w
el

t
En

er
gy

 &
 E

nv
ir

on
m

en
t

La
nd

-A
tm

os
ph

er
e 

C
ou

pl
in

g 
in

 a
 C

ha
ng

in
g 

C
lim

at
e

Yi
ku

i Z
ha

ng


	Abstract
	Acknowledgement
	List of Figures
	List of Tables
	Nomenclature
	Contents
	Introduction
	Modeling the Earth system
	Land–atmosphere coupling in the Earth system
	Land–atmosphere coupling processes
	Progress and challenges in understanding land–atmosphere coupling
	Human impacts on regional climate
	Representing human activities in climate models
	Land–atmosphere coupling and human impacts during climate extremes

	Research questions and objectives

	Theoretical and Methodological Background
	Regional climate modeling with TSMP
	General experimental setup

	Theory of land–atmosphere coupling
	Definitions of key terms in land–atmosphere studies
	Physical controls on land–atmosphere coupling

	Diagnosis of land–atmosphere coupling
	Classic methods to diagnose land–atmosphere coupling
	From causal inference to information theory in climate science


	Summer Evapotranspiration-cloud Feedbacks in Land–atmosphere Interactions over Europe
	Summary
	Publication information and author contributions

	Information Flow Causality Reveals Land–Atmosphere Coupling Dynamics During Compound Dry–Hot Events in Europe
	Introduction
	Data and Methods
	Simulation dataset
	Identification of compound dry–hot events
	Liang–Kleeman information flow framework
	Information flow-based coupling framework

	Results
	Spatial evolution of information flow rate during compound extreme
	Statistical evaluation of information flow analysis under compound extremes
	Cross-event consistency of information flow analysis

	Discussions
	Spatial–temporal pattern of information flow in response to CDHEs
	Land–atmosphere coupling strength in response to CDHEs

	Conclusion
	Supplementary Material
	Liang–Kleeman information flow rate calculation
	Additional L–K information flow analysis results


	Can Irrigation Alter Extreme Heat and Drought? A Causal Exploration of the 2003 European Compound Dry-Hot Event
	Introduction
	Simulation Data and Methodology
	Model simulations and analysis variables
	Definition of compound dry-hot events
	Liang–Kleeman information flow framework

	Results
	Irrigation impact on compound dry-hot events statistics
	Impact of irrigation on land–atmosphere coupling strength

	Discussion
	Irrigation impact on compound dry-hot events
	Irrigation impact on land–atmosphere coupling relationships

	Conclusion
	Supplementary Material

	Conclusion
	Summary
	Limitations and outlook

	Bibliography
	Leere Seite
	Leere Seite
	Leere Seite



