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Summary

This  thesis  investigates  the  variability  of  ecosystem processes—gross  primary 
production (GPP), evapotranspiration (ET), and water-use efficiency (WUE)—in 
Europe under climate change, with a focus on their trends and responses to 
droughts from 1995 to 2018. The work uses three complementary data sources: 
satellite-based remote sensing, in situ eddy covariance observations (ICOS), and 
land surface model simulations with CLM5. The thesis is structured around three 
main studies.

Study 1 (Chapter 3): Water-use efficiency is the amount of carbon assimilated per 
water used by an ecosystem and a key indicator of ecosystem functioning, but its 
variability  in  response  to  climate  change  and  droughts  is  not  thoroughly 
understood. Here, we investigated trends, drought response and drivers of three 
water-use efficiency indices from 1995 – 2018 in Europe with remote sensing data 
that considered long-term environmental effects. Inherent water-use efficiency 
decreased  by  -4.2%  in  Central  Europe,  exhibiting  threatened  ecosystem 
functioning.  In  European  grasslands  it  increased  by  +24.2%,  by  regulated 
transpiration and increased carbon assimilation. Further, modulation of water-
use efficiency drought response by hydro-climate and the importance of adaptive 
canopy conductance on ecosystem function is highlighted. These results imply 
that decoupling carbon assimilation from canopy conductance and efficient water 
management strategies could make the difference between threatened and well-
coping ecosystems with ongoing climate change, and provide important insights 
for land surface model development.

Study 2 (Chapter 4):  Evapotranspiration (ET) and gross primary production 
(GPP) are critical fluxes contributing to the energy, water, and carbon exchanges 
between the atmosphere and the land surface. Land surface models such as the 
Community Land Model v5 (CLM5) quantify these fluxes, estimate the state of 
carbon budgets and water resources, and contribute to a better understanding of 
climate change's impact on ecosystems. Past studies have shown the ability of 
CLM5  to  model  ET  and  GPP  magnitudes  well  but  emphasized  systematic 
underestimations  and  lower  variability  than  in  the  observations.  CLM5's 
predictions of water and energy fluxes are evaluated using observations from eddy 
covariance stations from the Integrated Carbon Observation System (ICOS), 
remote sensing, and reanalysis data sets. We assess simulated ET and GPP from 
the grid scale (CLM5grid) and the plant functional type (PFT) scale (CLM5PFT). 
CLM5PFT exhibited a low systematic error in simulating the ET at the ICOS sites 
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(average bias of −4.68 %). GPP was underestimated by CLM5PFT, especially in 
deciduous forests (bias of −43.76 %). The results showed an underestimation of 
the spatiotemporal variability in the simulated ET and GPP distribution moments 
across PFTs for both CLM setups compared to reanalysis data and remote-sensing 
products. These findings provide essential insights for improving land surface 
models,  highlighting the need to enhance the CLM5's  ability  to capture the 
spatiotemporal variability in ET and GPP simulations across PFTs.

Study 3 (Chapter 5): Droughts significantly impact European ecosystems, but 
these effects vary due to the complex interactions among various hydrological 
compartments  and across different temporal  scales,  making a comprehensive 
understanding  challenging.  24  years  (1995-2018)  of  high-resolution  (3km) 
Community Land Model version 5 (CLM5) simulations over Europe are analyzed, 
applying a three-dimensional clustering algorithm to identify and characterize 
spatiotemporal drought events based on standardized indices of precipitation, 
vapor pressure deficit,  soil  moisture, runoff, and groundwater across multiple 
aggregation  periods.  The  aggregation  period  strongly  modulates  drought 
duration, severity, and propagation speed, with more extended periods yielding 
more severe and persistent events. Notably, the severity of atmospheric droughts 
has  increased  over  the  study  period  (0.22±0.11  ×107 km2 days  year-1),  while 
groundwater droughts have become less severe (-0.28±0.38 ×107 km2 days year-1). 
Ecosystem responses,  including transpiration,  gross  primary production,  and 
water stress, show complex spatial patterns linked to plant functional types and 
aridity gradients, with compound droughts in soil and atmosphere causing the 
most widespread negative impacts. This event-based, multi-compartment study 
advances  the  understanding of  drought  impacts  on ecosystem processes  and 
informs holistic drought risk assessments and water management.

Together, these studies provide a robust assessment of how European ecosystems 
function and respond under increasingly frequent and severe drought conditions, 
offering  insights  for  improving  land  surface  models  and  informing  future 
ecosystem management under climate stress.
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Zusammenfassung

Diese  Dissertation untersucht  die  Variabilität  von Ökosystemprozessen –  der 
Primärproduktion  (GPP),  der  Evapotranspiration  (ET)  und  der 
Wassernutzungseffizienz  (WUE)  –  in  Europa  unter  den  Bedingungen  des 
Klimawandels.  Der  Schwerpunkt  liegt  auf  langfristigen  Trends  und  den 
Reaktionen dieser Prozesse auf Dürren im Zeitraum von 1995 bis 2018. Die Arbeit 
basiert auf drei Datenquellen: Fernerkundung, In-situ Messungen (ICOS) sowie 
Simulationen mit dem Landoberflächenmodell CLM5. Die Dissertation ist in drei 
Studien gegliedert:

Studie  1  (Kapitel  3):  Die  Wassernutzungseffizienz  –  das  Verhältnis  von 
aufgenommenem  Kohlenstoff  zu  transpiriertem  Wasser  –  ist  ein  zentraler 
Indikator für die Funktionsweise von Ökosystemen, doch ihre Variabilität unter 
dem Einfluss von Klimawandel und Dürren ist bislang unzureichend verstanden. 
In dieser Studie wurden Trends, Dürreantworten und Einflussfaktoren von drei 
verschiedenen  WUE-Indizes  in  Europa  im  Zeitraum  1995–2018  mithilfe  von 
Fernerkundungsdaten  untersucht,  die  langfristige  Umwelteinflüsse 
berücksichtigen. Die inhärente Wassernutzungseffizienz nahm in Mitteleuropa 
um −4,2 % ab, was auf eine Gefährdung der  Ökosystemfunktion hinweist.  In 
europäischen Graslandschaften stieg sie hingegen um +24,2 % an, bedingt durch 
regulierte Transpiration und erhöhte Kohlenstoffaufnahme. Zudem wird gezeigt, 
wie die Reaktion der WUE auf Dürren durch hydro-klimatische Bedingungen 
moduliert  wird  und  wie  wichtig  eine  adaptive  Blattleitfähigkeit  für  die 
Ökosystemfunktion ist. Die Ergebnisse verdeutlichen, dass eine Entkopplung der 
Kohlenstoffaufnahme  von  der  Blattleitfähigkeit  sowie  effiziente 
Wasserbewirtschaftungsstrategien  entscheidend  dafür  sein  können,  ob 
Ökosysteme unter dem Klimawandel gefährdet sind oder effizient damit umgehen 
können.  Diese  Erkenntnisse  sind  auch  für  die  Weiterentwicklung  von 
Landoberflächenmodellen von Bedeutung.

Studie  2  (Kapitel  4):  Evapotranspiration  (ET)  und  Brutto-Primärproduktion 
(GPP) sind entscheidende Flüsse im Energie-, Wasser- und Kohlenstoffaustausch 
zwischen  Atmosphäre  und  Landoberfläche.  Landoberflächenmodelle  wie  das 
Community Land Model Version 5 (CLM5) quantifizieren diese Flüsse, schätzen 
Kohlenstoffbilanzen  und  Wasserressourcen  ab  und  tragen  zum  besseren 
Verständnis der Auswirkungen des Klimawandels auf Ökosysteme bei. In dieser 
Studie  wird  die  Modellperformance  von  CLM5  durch  den  Vergleich  mit 
Messungen  von  42  Eddy-Kovarianz-Stationen  des  ICOS-Netzwerks, 
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Fernerkundungs- und Reanalyse-Daten bewertet. Es werden Simulationen auf 
Rasterebene  (CLM5grid)  sowie  auf  Ebene  der  pflanzenfunktionalen  Typen 
(CLM5PFT)  analysiert.  CLM5PFT zeigte  geringe  systematische  Fehler  bei  der 
Simulation  von  ET  (mittlerer  Bias  −4,68 %).  GPP  wurde  insbesondere  in 
laubabwerfenden Wäldern stark unterschätzt (Bias −43,76 %). Diese Ergebnisse 
liefern  wichtige  Hinweise  zur  Verbesserung  von  Landoberflächenmodellen, 
insbesondere zur besseren Erfassung der raumzeitlichen Variabilität von ET und 
GPP über verschiedene Vegetationstypen hinweg.

Studie 3 (Kapitel 5):  Dürren haben erhebliche Auswirkungen auf europäische 
Ökosysteme,  doch diese  Effekte  sind  aufgrund komplexer  Wechselwirkungen 
zwischen verschiedenen hydrologischen Komponenten  und  zeitlichen Skalen 
schwer zu verstehen. In dieser Studie werden 24 Jahre (1995–2018) hochaufgelöster 
(3 km)  Simulationen  mit  dem  Community  Land  Model  Version  5  (CLM5) 
analysiert.  Mithilfe  eines  dreidimensionalen  Clustering-Algorithmus  werden 
räumlich-zeitliche Dürreereignisse identifiziert und charakterisiert, basierend auf 
Niederschlag, Dampfdruckdefizit, Bodenfeuchte, Abfluss und Grundwasser über 
mehrere  Aggregationszeiträume  hinweg.  Bemerkenswert  ist  die  zunehmende 
Schwere  atmosphärischer  Dürren  (0,22 ± 0,11  ×10  ⁷ km² Tage Jahr⁻¹),  während 
Grundwasserdürren an Schwere  abnahmen (−0,28 ± 0,38  ×10  ⁷ km² Tage Jahr⁻¹). 
Die Reaktionen der Ökosysteme, zeigen komplexe räumliche Muster, abhängig 
von  Vegetationstypen  und  Ariditätsgradienten.  Besonders  starke  negative 
Auswirkungen  wurden  bei  kombinierten  Dürren  in  Boden  und  Atmosphäre 
festgestellt. Diese multikompartimentale Analyse verbessert das Verständnis der 
Dürreauswirkungen  auf  Ökosystemprozesse  und  liefert  wichtige  Impulse  für 
umfassende Dürre-Risikoabschätzungen und nachhaltiges Wassermanagement.

Insgesamt liefern diese drei Studien eine robuste Bewertung der Funktionsweise 
europäischer Ökosysteme unter zunehmend häufigeren und intensiveren Dürren. 
Die  gewonnenen  Erkenntnisse  tragen  zur  Verbesserung  von 
Landoberflächenmodellen  bei  und  sind  relevant  für  das  zukünftige 
Management von Ökosystemen unter klimatischen Belastungen.
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1 Introduction

1.1 Background

Since the dawn of civilization, human welfare has depended on balanced climatic 
and environmental conditions. These stable conditions have provided the basis 
for the rapid growth of the global human population and continuous economic 
and  societal  development.  It  has  become evident  that  during  this  period  of 
growth, human activities have had a substantial and irreversible impact on the 
Earth’s face, e.g., by converting large portions of natural landscapes to cultivated 
land  or  urban  areas.  Consequently,  humans  altered  natural  ecosystems  in 
abundance, extent, and diversity.

The period of growth in human society was accompanied and propelled by the 
exploitation of natural resources. For instance, water was extracted from naturally 
occurring  sources  in  rivers,  reservoirs,  and  aquifers  to  sustain  large-scale 
agriculture in areas with limited rain. Rivers were dammed to store water for use 
in dry seasons and routed to make transportation with riverboats more efficient. 
Where atmospheric rain and surface water were absent, an agricultural economy 
was still possible by withdrawing groundwater accumulated in aquifers (Folke et 
al., 2009; Maxwell et al., 2016).

Furthermore, energy-dense carbon-based fossil fuels, such as coal and petroleum, 
have  risen  dramatically  since  the  Industrial  Revolution.  Burning  fossil  fuels 
converts  chemically  stored energy to  kinetic  energy for  powering machines, 
concurrently  releasing  carbon  dioxide  (CO2)  as  a  gas  into  the  atmosphere. 
Consequently, the intensified use of fossil fuels in transportation, production of 
goods, electricity generation, and construction shifted considerable amounts of 
carbon stored belowground for millions of years into the atmosphere as carbon 
dioxide in a geologically short period (Crutzen, 2016).

In the atmosphere, CO2 absorbs the energy wavelength spectrum that the Earth 
emits after being heated by sunlight (Foote, 1856; Tyndall, 1873). Consequently, 
the heat originating from incoming solar radiation that would radiate back into 
space remains in the Earth's system, causing an increase in temperature – the 
greenhouse  effect  (Arrhenius,  1896).  Without  greenhouse  gases  in  the 
atmosphere, less solar radiation energy would be retained in the Earth system. 
The mean global surface temperature would be as low as -18 °C  (Lacis et al., 
2010), as opposed to the 14 °C experienced during a reference period from 1951 to 
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1980 (Hansen et al., 2010). The anthropogenically added CO2 in the atmosphere 
reinforces the naturally occurring greenhouse effect, causing a continuous rise in 
the average annual global temperature (Hansen et al., 2010). The average global 
surface temperature has increased by over 1.5 K compared to the period from 1951 
to 1980 (WMO, 2025), thus surpassing a global annual mean temperature of 15.5 
°C. This relatively small temperature change induces a general shift in the global 
climate and has many implications for states and processes in the Earth System 
(IPCC, 2023a). 

1.2 The main effect of climate change on the water 
cycle

The water cycle describes the flow of water through Earth System components, 
e.g.,  falling as precipitation onto the land surface, being frozen into glaciers, 
thawing, flowing as a stream to the ocean, and evaporating back again to the 
atmosphere. Changes in climate have a manifold impact on the global water cycle. 
Generally, increased temperatures favor an intensified hydrological cycle in the 
form  of  more  extreme  hydrological  conditions  through  alterations  in 
precipitation patterns and more frequent and severe atmospheric dryness (Guan 
et al., 2024; Loaiciga et al., 1996; F. Yang et al., 2003). In more detail, warmer air in 
the  atmosphere  can  hold  exponentially  more  water  vapor,  explained  by  the 
Clausius-Clapeyron  relationship  (Clapeyron,  1834;  Clausius,  1850;  Feynman, 
2011).  The atmosphere's  vapor pressure deficit  increases,  and with unchanged 
water availability on the land, this results in a higher vapor pressure gradient 
between the land and the atmosphere. Where the available water (in streams, 
lakes, and soil) is sufficient, increased evaporation and transpiration will lead to 
larger magnitudes of water falling as heavy precipitation events, increasing the 
likelihood of floods (Brönnimann et al., 2022). Conversely, saturating warmer air 
will take longer, even with higher levels of land evapotranspiration, due to the 
exponential relationship between air temperature and vapor pressure at typical 
atmospheric conditions and constraints related to terrestrial water availability and 
physiological  controls  in vegetation  (Budyko,  1974).  This extends the periods 
between convective precipitation events, thus favoring more frequent and severe 
dry conditions on the land (Manning et al., 2019; Samaniego et al., 2018). This is 
additionally  affected  by  changing  atmospheric  circulation  patterns,  such  as 
increasing frequency and duration of blocking events (in Europe, these are often 
persistent  high-pressure  systems  hampering  westerly  air  flow),  potentially 
prolonging dry conditions and exacerbating droughts (Bakke et al., 2023; Ionita 



Chapter 1: Introduction

33

et al., 2022; Kautz et al., 2022). Notably, these changes in extreme conditions at 
small and medium temporal scales are not directly related to general drying and 
wetting  trends,  which  alter  the  long-term  hydroclimatic  regime  of  a  given 
location (Zaitchik et al., 2023). 

1.3 Implications for ecosystem processes variability

Ecosystems are intricately affected by the changing climate and environment: 
The increased CO2 concentration generally favors plant growth. However, the 
increased temperatures counteract this effect in temperate and tropical parts of 
the globe (Fernández-Martínez et al., 2019). Besides, there is increasing evidence 
of  more  complex  indirect  implications  of  increased  atmospheric  CO2 on 
ecosystems, for example, a correlation with declining soil nutrients in forests 
(Penuelas et al., 2020), decreasing soil organic matter content (Terrer et al., 2021), 
and  complex  interactions  with  the  land  surface  albedo  (Graf  et  al.,  2023). 
Moreover,  the  raised  water  demand  of  the  drier  atmosphere  causes  higher 
evaporation from the soil, which makes plant water stress more likely (Fu et al., 
2021). Increased atmospheric dryness also clearly affects the phenology, changing 
the timing of the onset and duration of ecosystem activity during the warm and 
dry season by early depletion of the water stored in the soil  (Rahmati et al., 
2023). Thus, ecosystem responses to droughts in a later part of the year would be 
affected by these legacy conditions and exacerbate their impact on ecosystem 
processes, such as energy partitioning, carbon uptake, and transpiration (Bastos 
et  al.,  2020;  Graf  et  al.,  2020).  Plants  evolved  water  management  strategies 
according  to  their  long-term  hydroclimatic  environment,  so  in  dry  regions, 
vegetation has adapted to use water more efficiently to assimilate carbon for 
metabolism and growth (Joshi et al., 2022; Konings & Gentine, 2017; Moreno et 
al., 2024). Thus, the impacts of changing hydroclimatic conditions on ecosystem 
processes  are  heterogeneous  over  the  land  surface,  depending  on  soil 
characteristics, hydroclimate, and especially plant type, among other factors (X. 
Feng et al.,  2018). It is clear that the stability of ecosystem water and carbon 
processes  is  threatened  by  the  steep  hydroclimatic  gradients  and  human 
modifications that affect functional diversity and drought resilience  (W. R. L. 
Anderegg  et  al.,  2018;  Bastos  et  al.,  2020;  Y.  Zhang  et  al.,  2021).  A  holistic 
understanding of how and why processes in a particular ecosystem vary with 
shifting climatic conditions and droughts is important for sustaining the water 
cycle and managing water resources, agriculture, and other ecosystem services. 
Nevertheless, this understanding has not been established.
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Two processes are of broad interest to studies of ecosystem functionality: gross 
primary production (GPP), which indicates the rate of carbon taken up from the 
atmosphere by photosynthesis into the vegetation, and evapotranspiration (ET), 
which  summarizes  water  evaporation  from  the  land  surface  and  vegetation 
transpiration (Tr).

Carbon uptake is essential for vegetation to sustain metabolism and growth. At 
the same time, evapotranspiration is a vital water flux from the land surface to the 
atmosphere, returning more than half of the precipitated water to the atmosphere 
in the global average, thereby using more than half of the solar energy absorbed 
by the land surface (Jung et al., 2010; Oki & Kanae, 2006; Trenberth et al., 2009). 
Rising  temperatures  and  increased  CO2 have  intricate  effects  on  GPP,  over 
medium  and  long  terms,  even  inducing  physiological  acclimation  responses 
(Knauer et al., 2023; Lombardozzi et al., 2015). At the same time, more frequent 
and severe droughts can reduce GPP (Fu et al., 2022), and, in the worst cases, lead 
to vegetation dieback because of hydraulic failure and an increased risk of mortal 
pest infestation induced by inhibited defense metabolism  (Christiansen et al., 
1987; Schuldt et al., 2020; Sevanto et al., 2014). However, it is still unclear to what 
extent soil moisture deficits and vapor pressure deficits individually and combined 
induce a GPP reduction during droughts (Z. Deng et al., 2025; Fu et al., 2022, 2024; 
W. Li et al., 2022; Peng et al., 2024).

The potential ET increases during droughts, due to the increased atmospheric 
water demand and available energy. However, actual ET is often decreased by 
stomatal regulation of the plants to save water. Globally, drought often increases 
ET, but it has the potential to quickly deplete soil water resources, which will 
finally negatively impact ET (M. Zhao et al., 2022). Thus, severe drought events 
are  the  primary  hazard  to  ecosystem  functioning.  Similarly,  the  generally 
increasing  atmospheric  water  demand  due  to  global  warming  impacts  ET, 
depending on the available water. Where much water is available, ET will increase 
significantly,  thus  depleting  available  resources  more  quickly,  with  potential 
consequences for ecosystem functioning and human water supply (Condon et al., 
2020).  Further,  plants slightly close (or reduce the density of) the stomata in 
response  to  the  increased  atmospheric  CO2,  maintaining  the  carbon  inflow 
relatively  constant  due  to  the  raised  concentration  gradient,  concurrently 
constraining water outflow and increasing water-use efficiency (Xu et al., 2016). 
As a result, the ET response to these factors depends on local aspects of the 
changing climate, drought frequency and severity, and the functioning of the 
present vegetation. 
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The water-use efficiency (WUE), which relates GPP to the unit of water used, is 
a key indicator of ecosystem functionality (Kühn et al., 2021; Migliavacca et al., 
2021).  Furthermore, it  has important implications for efficient agriculture and 
conserving water resources  (Callejas Moncaleano et al., 2021). It is fascinating 
because  it  couples  the  water  and  carbon  cycles  by  adjusting  plant  stomatal 
conductance. It is affected by the intricate interplay of factors affecting GPP and 
Tr individually. WUE responses to climate change and droughts have also been 
observed  to  vary  across  spatiotemporal,  hydroclimatic,  and  plant  functional 
gradients (M. A. Adams et al., 2020; Bai et al., 2020; Beer et al., 2009; Cooley et al., 
2022; Hatfield & Dold, 2019). Clear patterns in the long-term temporal WUE trends 
and the drought response are intricate to quantify because of the simultaneous 
sensitivity to drivers of GPP and Tr changes.

In conclusion, grasping the functional diversity related to the variability of water 
and carbon processes and their coupling in ecosystems, the alterations due to a 
changing climate and environment, and more frequent and severe dry conditions, 
remains a challenge. 

1.4 Varying drought properties and ecosystem 
responses

Furthermore,  droughts  as  emerging  spatiotemporal  phenomena  have  to  be 
quantified and understood themselves, to contextualize their impact on processes 
in  different  ecosystems  (Vicente-Serrano  et  al.,  2025;  W.  Zhang  et  al.,  2021). 
Droughts have been predominantly defined by anomalies of standardized drought 
indices, such as the Standardized Precipitation Index (SPI) (McKee et al., 1993). 
These indices facilitate the comparison of dry and wet conditions across different 
locations and periods, because the anomalies relate to local distributions over a 
reference period. Locations and periods identified as having drought conditions 
can be summarized by integrating regional and periodic deficits into discrete 
events  (Andreadis  et  al.,  2005;  Cammalleri  et  al.,  2023;  Cammalleri  & Toreti, 
2023).  The  advantage  of  event-based  analysis  of  droughts  is  that  events 
additionally  provide  essential  metrics  such  as  spatial  extent,  duration,  and 
propagation speed, and the associated drought points in each event are assumed 
to converge in terms of their drivers and ecosystem responses. This is necessary 
to  find  potential  links  between  ecosystem  drought  responses  and  specific 
characteristics of an individual drought event.
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While the effect of absolute plant water stress and critical soil moisture levels has 
received considerable attention (Franklin et al., 2020; Fu et al., 2024; Joshi et al., 
2022; Stocker et al., 2023), the connection to droughts defined by hydrological 
variables remains elusive. On top of that, the emergent impacts of drought events 
on ecosystem processes and their trends remain poorly understood (Bradford et 
al., 2020; Crausbay et al., 2020; Vicente-Serrano et al., 2025), mainly because of the 
heterogeneity of physiological water management adaptations, the effect of plant 
physiology,  e.g.,  root  distribution  in  the  soil,  and  the  resulting  drought 
responses. 

In Europe specifically, increasing trends in drought frequency and severity have 
already been recorded (Rousi et al., 2022; Vautard et al., 2023). These trends have 
been projected to continue (Lehner et al., 2017). The societal impacts of European 
droughts  include  decreased  agricultural  yield,  and  reduced  trade  through 
hampered shipping in rivers, currently resulting in €9 billion economic loss in 
Europe,  which  is  expected  to  increase  drastically  without  climate  action 
(Naumann et al., 2021). It expands to loss of property and lives, especially during 
multivariate extremes (Zscheischler et al., 2020). 

1.5 Observations and models of ecosystem processes

Land  surface  models  (LSMs)  are  tools  for  analyzing  the  variability  of  the 
terrestrial land surface (including hydrology, vegetation functioning, and nutrient 
cycling). They are essential components of larger Earth System Models (ESMs) 
that dynamically couple multiple component models (e.g., an atmospheric model, 
an LSM, and an ocean model).  Essentially,  LSMs deterministically  solve the 
interconnected water, energy, and carbon cycles to predict the states and fluxes of 
natural  and  managed  terrestrial  ecosystems.  Land  surface  heterogeneity  is 
accomplished by distributed soil characteristics, discerning vegetation into plant 
functional  types  (PFTs),  and  implementing  one  set  of  equations  and  a 
corresponding set of parameters for each PFT in the model. Typically, PFTs are 
specified  by  morphological  and  phenological  characteristics,  distinguishing 
between leaf forms (needles, broad leaves, grasses), and phenology through leaf 
longevity (evergreen versus deciduous). Additionally, long-term precipitation and 
temperature  patterns  may  categorize  these  to  represent  the  vegetation’s 
climatological adaptation functionally. Corresponding information on land cover, 
soil texture, and PFT distribution, among others, is derived from remote sensing 
or upscaled field measurements and then used as static input to LSMs. 
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Recent developments on transient land use,  dynamic vegetation, carbon and 
nutrient cycling, plant hydraulics, crop management, and plant hydraulics have 
raised the number of processes represented in LSMs, thereby increasing their 
complexity.  However,  emergent  non-linear  interactions  and  feedbacks  may 
reduce the ability of LSMs to accurately approximate ecosystem states and fluxes 
with increasing complexity (Fisher & Koven, 2020). Furthermore, more included 
processes may imply that more computational effort is required. Additionally, the 
high diversity of ecosystem responses and intricate heterogeneous interactions 
with the atmosphere require high-resolution simulations, which further increase 
the computational demand of such simulations (Wood et al., 2011; Naz et al., 2016; 
Prein et al., 2016).

LSMs  have  been  successfully  used  to  quantify,  understand,  and  predict  the 
interactions between the atmosphere and the land surface. They can provide 
critical information for agriculture and water managers (Belleflamme et al., 2023; 
Boas et al., 2023), to analyze the impacts of the changing climate and extreme 
events  (Hartick et al.,  2022), and to explore agricultural management options 
(Dombrowski  et  al.,  2024).  Further,  they  are  critical  for  creating a  scientific 
understanding of how the diverse processes on the land surface interact as a 
connected terrestrial system (Bonan, 2019; Fisher & Koven, 2020). However, the 
simulated projections always represent the status quo regarding the individual 
processes based on secluded experiments, thus potentially introducing untested, 
erroneous  interactions  between  them.  Further,  misrepresentations  of,  e.g., 
nutrient  dynamics  (Davies-Barnard  et  al.,  2020),  management  of  ecosystems 
(Boas et al., 2021; Dombrowski et al., 2024), eco-evolutionary functional diversity 
(L. D. L. Anderegg et al., 2022; Harrison et al., 2021), and mechanistic drought 
responses  (J. K. Green et al., 2024) affect the overall accuracy of the simulated 
energy, water, and carbon cycles by LSMs. Thus, critical variables of the model 
simulations  must  be  rigorously  evaluated  in  relation  to  the  observations  to 
provide essential context on the robustness of subsequent analyses.

The crucial  advantage of  LSMs is  that  they can simulate a set  of  physically 
consistent  variables  in  a  spatiotemporal  uniform resolution,  which  facilitates 
large-scale and systematic studies of the complex interactions on the terrestrial 
land surface, and extend to future predictions by using environmental scenarios 
as  input  (Fisher  &  Koven,  2020;  McColl  et  al.,  2022).  Meanwhile,  in  situ 
observation networks are still relatively sparse and introduce geographical bias by 
underrepresenting certain regions and ecosystems (Ohnemus et al., 2024; Wohner 
et al., 2021). Nevertheless, in situ observations are essential references to LSM 
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simulations, crucial to evaluating the simulated states and fluxes, and analyzing 
ground-truth feedbacks and responses.

While  investments and developments in remote sensing missions and sensor 
technology provide ecosystem states and fluxes at high spatial resolution, the 
revisiting  time  dictates  a  relatively  coarse  temporal  resolution  of  the  data. 
Assumptions made while deriving ecosystem processes from sensor signals and 
differing  sensor  technologies  make  the  physical  accordance  and  captured 
feedback signals between variables inconsistent (G. Wang et al., 2005; Povey & 
Grainger, 2015). Nevertheless, the large spatial extent and the long-term coverage 
periods offer crucial references for regional to global-scale assessments and large-
scale model evaluation.

Observations from the location of interest act as ground truth data for remote 
sensing and modelling evaluations. Global challenges such as climate change 
steered developments towards grouping stations across a country, continent, or 
globally, to provide spatially distributed sets of time series of local measurements 
in  a  standardized  manner.  Such  research  infrastructures  provide  standard 
protocols on, e.g., sensor technology to ensure consistent measurements across 
the station network and the represented period (Baatz et al., 2018; Pastorello et al., 
2020). The eddy-covariance method is the gold standard for ecosystem processes 
measurements,  providing  observations  of  water,  energy,  and  carbon  fluxes 
between the land surface and the atmosphere  in a  high temporal  resolution 
(Aubinet  et  al.,  2012).  The  Integrated  Carbon  Observation  System  (ICOS) 
provides time series of energy, water, and carbon fluxes from eddy-covariance 
measurements across Europe (Heiskanen et al., 2022). The ICOS station network 
encompasses  various PFT, ranging from forests  to  croplands and grasslands. 
Essentially, the eddy-covariance sensor operates atop a tower and represents an 
ideally homogenous ecosystem on a footprint area of up to 1 km2. As a result, there 
is typically a scaling difficulty when comparing land surface model outputs, which 
generally output averages of the time series of multiple present PFT within a grid 
cell of thousands of km2, with ICOS data. However, adding the subgrid PFT level 
of land surface models allowed the extraction of PFT-specific states and fluxes. 
Using these PFT-scale data from land surface models enhances compatibility with 
eddy covariance measurements and more robust evaluations.

To summarize, using remote sensing, LSM simulations, and in situ observations 
all have advantages and disadvantages in studying the variability of ecosystem 
processes. Using them appropriately can leverage their strengths, amplify the 
study's scope, and bring broad context to the overall study question.
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1.6 Objectives and outline

As an overarching research goal, this thesis quantifies the variability of the critical 
ecosystem processes gross primary production (GPP), evapotranspiration (ET), 
and the water-use efficiency (WUE) over Europe, along a study period from 1995 
to 2018, containing critical large-scale drought events. A special focus will be on 
their trends, drivers, and responses to drought events, using data from various 
sources  (remote  sensing,  a  land  surface  model,  and  in  situ  observations). 
Considering the scientific gaps and state-of-the-art outlined in Chapter  1, the 
individual scientific inquiries in this dissertation are as follows:

 Chapter  3:  Quantifying the European trends and drought response of 
WUE as  a  proxy of  ecosystem functioning using remote  sensing and 
reanalysis data.

 Chapter 4: Evaluating a high-resolution simulation of GPP and ET with 
the Community Land Model version 5 (CLM5) over Europe with in situ 
data from a continental-scale observation network.

 Chapter  5:  Analyzing  drought  events'  properties,  trends,  and  impacts 
derived from multiple hydrological compartments and various time scales 
from the evaluated European CLM5 simulation.

In more detail, Chapter 2 describes the underlying physical laws and methods of 
the European CLM5 setup. These include critical energy, carbon, and water cycle 
functions, such as radiative transfer through the canopy and water flow through 
the soil.

Chapter 3 uses an observation and reanalysis data set to quantify the trends, 
drought response, and drivers of WUE variability across Europe. This includes 
GPP from a revised light-use efficiency model for remote sensing data, ET from 
remote sensing, Tr and evaporation from a model-data-fusion framework, and 
meteorological data from an atmospheric reanalysis. Different approximations of 
the water-use term (Tr, ET, and canopy conductance) define different indicators 
of WUE. The trends are calculated using grid-cell-based Mann-Kendall trend 
analysis, revealing opposing trends among European regions and WUE indices. 
Droughts are calculated based on soil moisture droughts in the surface soil layers, 
and corresponding responses are identified across Europe for each WUE index.

In Chapter 4, the European setup of CLM5 is evaluated, and specifically, the 
simulated GPP and ET, where ICOS stations are located. Other data sources, like 
remotely sensed GPP and ET from reanalysis, which were used in Chapter 3, are 
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included for additional context. Time series from the corresponding PFT scale 
and the aggregated grid cell scale are compared to ICOS over 42 stations. The 
PFTs widely represented in the ICOS network are Evergreen Needleleaf Forest, 
Deciduous  Broadleaf  Forest,  Grassland,  and  Croplands.  Evaluation  metrics 
(percent bias, root mean square error, correlation) comparing the variables for 
each station,  as  well  as  aggregated time series  for  each PFT, are calculated. 
Particularly, how well the seasonal cycle of GPP and ET is simulated across PFTs 
compared to the reference datasets is emphasized in this study. This evaluation 
provides  crucial  context  on  the  ability  of  CLM5  to  approximate  ecosystem 
processes across Europe for the subsequent study of their drought response.

Chapter 5 is an in-depth study of identified droughts in the European CLM5 
simulations and their impacts on ecosystem processes. First, drought indices are 
calculated based on the relative distribution at each grid cell of the European 
domain.  A  multivariate  approach  is  facilitated  by  including  multiple 
compartments  of  the  water  cycle,  based  on  which  the  water  deficits  are 
determined: precipitation, vapor pressure, soil moisture, runoff, and groundwater. 
Further, four aggregation time scales, 31 days, 92 days, 183 days, and 365 days, 
represent a range of accumulated water deficits and their effect on ecosystem 
processes.  These  indices  are  used in a  3-dimensional  clustering algorithm to 
distinguish spatiotemporal drought events from each other. Subsequently, the 
most significant event for each drought type is described and compared to events 
previously described in the literature, where applicable. The event-based drought 
approach facilitates the calculation of properties for each event, such as spatial 
extent,  duration,  and  propagation  speed.  The  study  then  compiles  the 
distribution of these properties across events for each variable and identifies key 
differences in how drought events across compartments and aggregation times 
develop.  Furthermore,  the  significant  temporal  trends  of  the  drought  event 
properties are determined. Lastly, this study connects the drought events with 
ecosystem processes by calculating the response of GPP, Tr, and water limitation 
to soil moisture, vapor pressure, and compound drought events. 

Finally, Chapter 6 summarizes the conclusions of the three individual studies and 
outlines  their  contributions  to  answering  the  overarching  research  question. 
Specifically, the contributions to the general understanding of the functioning of 
terrestrial systems are highlighted, and future studies leveraging this research 
project  are  suggested.  Ultimately,  it  outlines  recommendations  for  further 
improvements on the European CLM5 setup, model development in CLM5, and 
integration between observations and models. 
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2 Theory 

One of the underlying physical concepts behind calculating states and fluxes of 
energy and water is the conservation of energy, mass, and momentum. Land 
surface models solve these equations on the interface between the atmosphere 
and land to account for the albedo effect and energy partitioning on the surface. 
The heat and water balance equations for a simplified land surface and more 
resolved details on the implementation in the CLM5 will be presented in the 
following chapter as a theoretical introduction to this thesis. This is supposed to 
give a general idea of the coupling of energy, water, and carbon cycles in land 
surface models, rather than a detailed description of small-scale processes. For the 
latter,  please  check the referenced literature  and the method sections  of  the 
following chapters.

2.1 The heat balance on the terrestrial surface

The  heat  balance  on  the  land  surface  results  from  the  partitioning  of  the 
incoming solar radiation:

Rnet= (K ↑ -K ↓ )+(L↓ - L↑)= λE+H +G (2.1)

Rnet [W m-2] is the incident net radiation, calculated by summing the differences 
between atmospheric incoming ( ) and outgoing ( ) shortwave (↓ ↑ K) [W m-2] and 
longwave  radiation  (L)  [W m-2].  The  atmospheric  incoming  radiation  is  an 
external  input  into  land  surface  models,  while  the  outgoing  radiation  is 
determined based on the surface albedo and emissivity.  λ [J kg-2] is the heat of 
vaporization or sublimation, and E [kg m-2 s-1] is the evaporation rate; thus, Eλ  [W 
m-2] is the heat flux corresponding to energy transferred through evaporation and 
condensation. H [W m-2] is the sensible heat flux, and G [W m-2] is the heat flux 
from the surface to lower layers in the soil. 

E results  from  water  evaporated  from  the  ground  and  vegetation.  Ground 
evaporation is the sum of snow sublimation, soil evaporation, and surface water 
evaporation,  considering  their  areal  fractions  on  the  land  surface.  Further, 
vegetation evaporation is the sum of water evaporated from the wet vegetation 
surfaces and transpiration from dry leaves. In CLM5, λ is a fixed constant (2.5×106 

J kg-2), as its variation with the typical atmospheric temperatures is negligible. 
The individual water vapor fluxes are calculated using a model based on humidity 
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gradients and corresponding water vapor conductance (determined as the inverse 
of the resistance). 

E=Eg+Ev (2.2)

Eg=- ρatm [ca
w  qatm+cv

w  qsat
T v - (ca

w+cv
w )qg ] cg

w

ca
w+cv

w+cg
w (2.3)

Ev=- ρatm [ca
w  qatm+cg

w  qg - (ca
w+cg

w )qsat
T v ] cv

w

ca
w+cv

w+cg
w (2.4)

ρatm [kg m-3] is the density of atmospheric air, and ca
w , cv

w, and cg
w [m s-1] are water 

vapor conductance from the canopy air to the atmosphere, from the leaf to the 
canopy air, and from the ground to the canopy air, respectively. In more detail, 
cv

w cg
w and ca

w are calculated using physical properties of the surface, physiological 
properties of the vegetation, and the Monin-Obukhov (M-O) similarity theory 
(Monin  &  Obukhov,  1954),  which  avoids  high  computational  demand  from 
resolving small-scale turbulent flow by parametrizing aerodynamic resistance to 
water  vapor.  However,  M-O  neglects  mesoscale  circulations  resulting  from 
assuming uniform surface properties and states (e.g., soil moisture), and further 
neglects transient phenomena (e.g., rapid weather changes and stability issues). 
qatm, qg, and qsat

T v  [kg kg-1] are the specific humidities of the atmosphere, the soil, and 
saturation at vegetation temperature. The vegetation conductance cv is calculated 
by considering the leaf and stem area indices, their wet fraction, and stomatal 
conductance, including its soil moisture limitation, inter alia. 

Similarly, the sensible heat components are calculated using a model based on 
temperature gradients and corresponding heat conductance.

H =H g+H v (2.5)

H g=- ρatm  C p [ca
h  θatm+cv

h  T v - (ca
h+cv

h )T g ] cg
h

ca
h+cv

h+cg
h (2.6)

H v=- ρatm  C p [ca
h  θatm+cg

h  T g - (ca
h+cg

h )T v ] cv
h

ca
h+cv

h+cg
h (2.7)

Cp [J kg-1 K-1] is the specific heat capacity of the air, and ca
h , cv

h, and cg
h [m s-1] are 

heat conductance from the canopy air to the atmosphere, from the leaf to the 
canopy air, and from the ground to the canopy air, respectively. Similarly to the 
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water vapor resistance, CLM5 approximates the aerodynamic resistance to heat 
with the M-O similarity theory. θatm [K] is the atmospheric potential temperature, 
and Tv and Tg [K] are the vegetation and ground temperatures. Finally, the ground 
heat  flux  G is  calculated  by  inserting  the  incoming  radiation  Satm from the 
atmospheric input, and the calculated E and H into the heat balance Equation 
(2.1).

The  partitioning  of  energy  between  H and  Eλ  is  the  Bowen  ratio  B 
[dimensionless]:

B=
H
λE

(2.8)

B is highest in dry regions like deserts, where  H dominates over  LE (B>10), 
whereas most energy is transferred as Eλ  in humid areas or oceans (B<0.1). 

Further heat fluxes can substantially alter the balance over shorter periods at 
specific locations. For example, the energy used for photosynthesis is stored in 
plant  biomass.  During  forest  fires,  this  energy  is  released  quickly  and  is  a 
substantial factor in the heat balance. Minor factors are the dissipation of the 
mechanical energy of wind and waves and the energy flux resulting from the 
temperature difference between falling precipitation and the air. 

2.2 Radiative transfer through the canopy

Equation (2.1) only includes a simplistic representation of the land surface as a 
two-dimensional interface. However, the plant canopy is critical in partitioning 
the incoming energy.  In  the CLM5,  the incoming radiation (Satm=K ↓+ L↓) is 
divided into the incoming direct (d) and diffuse (i) radiation (Satm

d  and Satm
i ), by 

ratios resulting from polynomial equations fitted to atmospheric modelling data 
(D. M. Lawrence et al., 2018). These are further partitioned into energy reflected 
and absorbed by the vegetation and soil per wavelength Λ [µm]: 

Rnet=Sground+Sveg+∑
Λ

Ratm
d , Λ  I ↑

d , Λ+Ratm  
i , Λ  I ↑

i , Λ

(2.9)

Sground=∑
Λ

Satm
d , Λ  e-K (L+ S ) (1-α ground

d , Λ )    + (Satm
d , Λ  I ↓

d , Λ+Satm
i , Λ  I ↓

i , Λ ) (1-α ground
i , Λ ) (2.10)

Sveg=∑
Λ

Satm
d , Λ  I absorbed

d , Λ +Satm
i , Λ  I absorbed

i , Λ

(2.11)
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K [dimensionless] is the optical depth of the direct beam per unit leaf. L [m2 m-2] 
is the exposed leaf area index, and  S [m2 m-2]  is the exposed stem area index. 
α ground

d , Λ  [dimensionless] is the albedo of the ground for the direct sun radiation 
beams at wavelength Λ. I ↑

d , Λ and I ↑
i , Λ [dimensionless] are the upward diffuse fluxes 

per unit direct beam and diffuse flux above the vegetation. The ratios by which 
the incident  energy gets  partitioned (the  I’s)  are  calculated by an analytical 
framework based on  Sellers,  1985.  I ↓

d , Λ and  I ↓
i , Λ [dimensionless]  are the direct 

downward diffuse fluxes below the vegetation per unit of direct beam and diffuse 
radiation. I absorbed

d , Λ  and I absorbed
i , Λ  [dimensionless] are the direct beam and diffuse fluxes 

absorbed by the vegetation per unit radiation. These partitioning ratios per unit 
direct and diffuse radiation and the albedos further consider the zenith angle of 
the incident beam. 

The energy absorbed for photosynthesis Φ [W m-2] is calculated as follows.

Φ=
(Satm

d , vis  I absorbed
d , vis +Satm

i , vis  I absorbed
i , vis )

L
(2.12)

Where  Satm
d , vis and  Satm

i , vis are the direct  and diffuse solar radiation in the visible 
wavelengths (Λ<0.7  μm).  I absorbed

d , vis  and  I absorbed
i , vis  are the absorbed direct beam and 

diffuse radiation fluxes in the visible spectrum per unit of direct beam and diffuse 
radiation. These fluxes are approached by two streams, i.e., separately for the 
sunlit and shaded leaf areas. Consequently, Φ is a primary factor determining the 
light  limitation  for  C3 and  C4 photosynthesis,  besides  rubisco  and  product 
limitation.  Another  major  determinant  of  photosynthesis  is  the  internal  leaf 
partial pressure of CO2, which is actively controlled by the adaptation of plant 
stomata depending on the water availability. 

Clearly, through the water transported as vapor and latent heat, and because the 
stomata are an inlet and outlet for carbon and water simultaneously, the energy 
cycle is tightly coupled with the water and carbon cycles.

2.3 The water balance on the terrestrial surface

The land surface's water balance describes the incoming and outgoing water in 
solid, liquid, or gaseous form and is defined as: 

P=E+Q+ ΔW (2.13)
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P [kg m-2 s-1] is the atmospheric precipitation, i.e., falling rain, hail, or snow. E [kg 
m-2 s-1]  is  the  difference  between  evapotranspiration  and  condensation  as 
calculated in Equations  (2.2)-(2.4),  Q [kg m-2 s-1]  is the horizontal surface and 
subsurface runoff, and  WΔ  [kg m-2 s-1]  is the change in water storage. CLM5 
requires P as input from atmospheric data. Over relatively long periods (yearly), 
the change in storage, WΔ , is negligibly small compared to the other water cycle 
components during stationary conditions but may become significant under a 
changing climate, land cover and land use changes, and extensive human water 
extractions. Moreover, over short time scales, for example, during the melting 
season in glacial regions, WΔ  can still be a dominant factor.

The runoff  Q is composed of surface runoff and subsurface runoff. In CLM5, 
surface runoff is determined by the fraction of a location's saturated area and 
topographic properties, and the moisture input from precipitation and meltwater 
into the soil qin [mm s-1].

Qsurface= f sat  q in (2.14)

f sat= f max  e
0.5  f over  WTD  (2.15)

The maximum saturated fraction fsat [dimensionless] is defined as the share of the 
grid cell that is larger than the grid cell's mean compound topographic index, 
which quantifies the topographical control on runoff generation, based on the 
HYDRO1K dataset (Niu et al., 2005; Verdin & Greenlee, 1996).

Below the  surface,  CLM5 deploys  a  one-dimensional,  multi-layer  soil  water 
model. Darcy’s law describes the laminar flux of water across the soil depth and 
the layers q [mm s-1] (Darcy, 1856; Dingman & Dingman, 2015) using the hydraulic 
potential,  the sum of  the soil  matric  potential  ψ [mm] and the gravitational 
potential (here equal to the reference elevation  z [mm], because the reference 
elevation is the surface).

q=- k
∂ (ψ + z )

∂ z
=- k ( ∂ψ

∂ z
+1) (2.16)

k [mm s-1] is the hydraulic conductivity, and varies with the volumetric soil water 
θ [mm3 mm-3] and soil texture per soil layer. The soil water mass conservation 
states:

∂θ
∂ t

=-
∂q
∂ z

-E (2.17)



Chapter 2: Theory 

46

And  substitution  of  q by  the  Equation  (2.16) yields  the  Richards  equation 
(Richards, 1931).

∂θ
∂ t

=
∂
∂ z [k ( ∂ψ

∂ z
+1)] - E (2.18)

The rooting zone is parameterized per plant functional type, and the available 
water  controls  plant  functioning.  For  example,  the  stomatal  conductance  is 
downregulated if  the available  soil  moisture does  not  meet  the transpiration 
demand.

The water cycle, vegetation productivity, and energy partitioning are intricately 
and  non-linearly  connected  through  processes,  such  as  water  vapor  flux, 
vegetation physiology, ecosystem water use and management, and many more. 
This thesis will shed light on how these non-linear relationships appear across 
climate and ecosystem type gradients across the European continent, how they 
change with the climate, and with increasing severity and frequency of drought 
events.
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3 Rising water-use efficiency in European 
grasslands is driven by increased primary 
production

This chapter is based on the journal article:
Poppe Terán, C., Naz, B.S., Graf, A., Qu, Y., Hendricks Franssen, H.-J., Baatz, R., Ciais, P., 
Vereecken, H., 2023. Rising water-use efficiency in European grasslands is driven by increased 
primary  production.  Commun  Earth  Environ  4,  95.  https://doi.org/10.1038/s43247-023-
00757-x 

3.1 Introduction

The exchange  rate  of  carbon between the  land surface  and the  atmosphere 
determines the productivity of natural and cultivated ecosystems and influences 
the concentration of CO2 in the atmosphere (Beer et al., 2010; Friedlingstein et al., 
2022; C. Green & Byrne, 2004; Keenan & Williams, 2018; Reich, 2010).  Through 
photosynthesis, vegetation drives the largest CO2 flux from the atmosphere to the 
earth surface  (Friedlingstein et  al.,  2022;  Keenan & Williams,  2018),  which is 
coupled  to  a  simultaneous  vapour  outflux  though  open  stomata  (Cowan  & 
Farquhar, 1977; Wright et al., 2004). Combining those fluxes by relating carbon 
assimilation  flux  to  water  loss,  the  water-use  efficiency  (WUE)  (Cowan  & 
Farquhar, 1977; Ehleringer et al., 1993; Hatfield & Dold, 2019) is a commonly used 
indicator to examine changes of ecosystem function (M. A. Adams et al., 2020; 
Beer et al., 2010; Belmecheri et al., 2021; Frank et al., 2015; M. Huang et al., 2015; 
Keenan et al., 2013; J. Liu et al., 2021; Peñuelas et al., 2011; Peters et al., 2018; J. Zhao 
et al., 2021) and ecosystem performance and fitness (Kühn et al., 2021). A recent 
study suggested that  WUE constitutes one of three major axes of  ecosystem 
function variability (Migliavacca et al., 2021). 

WUE increased due to stomatal closure (M. A. Adams et al., 2020; Frank et al., 
2015; Keenan et al., 2013; Marchand et al., 2020; M. Wang et al., 2018)  in response 
to increasing atmospheric CO2 since the beginning of the twentieth century. This 
effect of CO2 on WUE is still not fully quantified and there is no consensus on its 
magnitude (Lavergne et al., 2019; Marchand et al., 2020). Moreover, changes of 
water supply and demand such as precipitation, soil moisture and vapour pressure 
deficit  (VPD)  have  been  identified  as  key  factors  influencing  ecosystem 

https://doi.org/10.1038/s43247-023-00757-x
https://doi.org/10.1038/s43247-023-00757-x


Chapter 3: Rising water-use efficiency in European grasslands is driven by increased primary production

48

functioning and WUE variability (Beer et al., 2010; Belmecheri et al., 2021; Gu et 
al., 2021; Guerrieri et al., 2019; Lavergne et al., 2019; X. Liu et al., 2020; Mathias & 
Thomas,  2021).  However,  past  large-scale spatiotemporal  WUE analyses from 
remote sensing (RS) derived data rarely included long-term environmental effects 
(Lavergne et al., 2019) such as rising atmospheric CO2 and atmospheric dryness 
and differ even in the sign of detected WUE trends (M. Huang et al., 2015; X. Liu 
et al., 2020; Tang et al., 2015). In addition, RS WUE studies investigating effects of 
a deficit of water resources, i.e. droughts, on WUE did not yet account for the 
plant physiological response to increased VPD during droughts by use of an 
adequate WUE index (L. Huang et al., 2017; M. Huang et al., 2021; Y. Yang et al., 
2016).  Hence, the spatiotemporal heterogeneity of WUE trends and effects of 
droughts remains poorly understood (Gu et al., 2021; M. Huang et al., 2021; M. 
Wang et al., 2021; Y. Yang et al., 2016). Their quantification from most recent RS 
data is important to enhance the understanding of impacts and feedbacks of 
climate  change  on  ecosystem  functioning  across  data  sources  and  scales 
(Lavergne et al., 2019; Medlyn et al., 2017) as well as to provide insights to adequate 
functional discretizations and related parameter (Joshi et al., 2022; Keith et al., 
2022) in land surface models.

Especially in Europe, where droughts were projected to increase in frequency and 
severity  (Lehner  et  al.,  2017),  a  detailed  assessment  of  the  WUE  ecosystem 
function variability is required. Ranging from semi arid to very humid hydro-
climates  and  from  croplands  and  grasslands  to  evergreen  forests,  the  pan-
European domain also enabled analyses regarding the modulations of hydro-
climate and land cover to the trends and drought response of WUE that have been 
found in past studies (Bai et al., 2020; Belmecheri et al., 2021; Cooley et al., 2022; 
Lavergne et al., 2019; Mathias & Thomas, 2021; Y. Yang et al., 2016). Nevertheless, 
a  clear  picture  of  the  direction,  magnitude  and  drivers  of  WUE trends  and 
drought response in European hydro-climates and land cover has not yet been 
drawn. On top of that, the increasing availability of in-situ data on the continent 
provides a unique opportunity to assess the RS data quality and on the other hand 
the geographical, land-use and hydro-climatic coverage of those in-situ station 
networks.

In this study, we defined three WUE indices. Two by dividing carbon assimilation 
by  ecosystem  water-use,  i.e.  evapotranspiration  (ET)  and  transpiration  (Tr), 
resulting in EWUE and TWUE, respectively. Essentially, VPD has distinct effects 
on the carbon assimilation and the water-use of an ecosystem and is expected to 
increase  during  droughts.  Therefore,  the  third  WUE  index  relates  carbon 
assimilation to canopy conductance (Gc) (IWUE) with a linear (Beer et al., 2010; 
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Keenan et al., 2013; Umair et al., 2020) implementation of VPD and captures the 
physiological  response  to  drought  by  accounting  for  the  regulation  of 
transpiration to atmospheric water demand through adaptive stomatal opening. 
A more detailed description and their calculation is given in the Method section 
3.2. Here we compared the trends and drought response of these WUE indices 
across hydro-climates and land cover to identify the adequate WUE index for 
estimations of ecosystem health and performance, as well as land surface model 
development.

The Global Land Surface Satellite (GLASS) photosynthesis (here rather: gross 
primary production, GPP) RS data (Liang et al., 2021; Zheng et al., 2020), includes 
the long-term effect of CO2, VPD and temperature by use of the revised eddy 
covariance light-use efficiency model (Umair et al., 2020). So, we used the GLASS 
GPP and ET data (0.05° resolution, see Methods section 3.2 for more information 
on the data) and reanalysis data from the Global Land Evaporation Amsterdam 
Model  (Martens  et  al.,  2017) (GLEAM,  Tr,  25km  resolution),  ERA5-Land 
(Copernicus Climate Change Service, 2019) (Tr, soil moisture, leaf area index, 9km 
resolution)  and  COSMO-REA6  (Bollmeyer  et  al.,  2015) (meteorology,  6km 
resolution) from 1995 until 2018 over Europe. We aggregated the original data to 
3km spatial resolution (to match future land surface model outputs) and 8-day 
temporal resolution (the coarsest resolution from the original data from GLASS 
RS). Relationships between ecosystem processes might vary with the seasons, e.g. 
different effect of droughts on WUE between during vegetation dormancy in 
winter and in summer, so we masked the data to the meteorological summer 
(June, July, August) to capture the most active period of the vegetation and to 
have a consistent signal of WUE drought response.

Finally, we (1) identified trends of summer WUE and differences between WUE 
indices  on  different  land  cover  types,  (2)  detected  the  response  of  WUE to 
precipitation and soil moisture in summer drought conditions for hydro-climatic 
zones and (3) analyzed drivers of summer WUE variability using a discovery 
method for causal networks of ecosystem processes (Peter & Clark Momentary 
Conditional  Independence  (Runge  et  al.,  2019),  PCMCI+  (Runge,  2020)). 
Consequently,  this  work  quantified  regional  variability  of  the  summer  WUE 
ecosystem function along recent decades and during droughts and identified 
distinct impacts of environment and ecosystem processes for different hydro-
climate zones and land cover types.  This work is  important for the ongoing 
development of land surface models that incorporate functional variability to 
environmental factors and the assessment of ecosystem health and performance 
in the light of threatening changes in climate and environment.
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3.2 Methods

3.2.1 GPP data

We used GLASS12B02 V40 (http://www.glass.umd.edu/introduction.html) (Liang 
et al., 2021) GPP data, which is in 0.05° spatial and 8 daily temporal resolution and 
was created with the revised EC-LUE model  (Zheng et al., 2020) and includes 
long-term effects of CO2, temperature (T) and VPD on GPP. While we left the 
assessment  of  the  impact  of  the  inclusion of  those long-term environmental 
variables in GPP on WUE variability for future studies, we still validated this GPP 
product  with  FLUXNET2015  and  ICOS  Drought-2018  data  (see  their  data 
descriptions below). To facilitate the data handling in this work and streamline 
comparisons with upcoming outputs from a land surface model, we aggregated 
this  data  from the  original  0.05°  resolution  to  the  3km European  CORDEX 
domain (Giorgi et al., 2009) by bilinear interpolation. Then we compared the site 
GPP time series with those of corresponding grid cells in Table.A.3 and Table
A.4 and the mean ET value of stations against the mean of corresponding grid 
cells in  Figure A.10. We also plotted the geographical distribution of R² values 
between station and GLASS GPP in Figure A.2a. We assessed the validation as 
good (mean R² value of 0.67 across 60 FLUXNET2015 and 0.7 across 52 ICOS 
Drought2018 sites), but point out potential bias in regions where there less station 
density or no station data available at all (Southern and Eastern Europe).

3.2.2 ET data

The  ET  data  used  in  this  work  is  from  GLASS11B02  V41 
(http://www.glass.umd.edu/introduction.html),  is  calculated  by  a  multi-model 
ensemble approach merging five process-based ET data (Liang et al., 2021) and 
has  a  0.05°  spatial  and 8-daily  temporal  resolution.  Similar  to  the  GPP data 
described above, we linearly interpolated the GLASS ET data from the original 
0.05° resolution to the 3km European CORDEX grid. Importantly, GLASS ET is 
given  as  latent  heat  in  W m-2,  so  we  converted  the  values  to  mm day-1 by 
multiplying all values by 0.035, assuming a constant enthalpy of vaporization 
decoupled of variable temperature, which was applied in numerous studies before 
because of the small effect of variable enthalpy to the overall outcome of the 
conversion.  Additionally  to  the  validation  with  FLUXNET2015  and  ICOS 
Drought-2018 ET (calculated from latent heat flux, see below) we also compared 
GLASS ET with reanalysis ET data from GLEAM3.5a (https://www.gleam.eu/), 
ERA5-Land  (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
https://www.gleam.eu/
http://www.glass.umd.edu/introduction.html
http://www.glass.umd.edu/introduction.html
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land). In Figure A.9 we plot mean FLUXNET2015 ET from stations against mean 
ET of the corresponding grid cell in GLASS, GLEAM and ERA5-Land ET. We 
decided to do our analyses with GLASS ET based on this result: The slope of 
GLASS ET against  station ET shows  better  representation  across  sites  than 
ERA5-Land and GLEAM. Again, in Table.A.3 and Table A.4 we present the R² 
between GLASS ET and station FLUXNET2015 and ICOS Drought-2018 ET time 
series. There is good agreement in the ET variability of GLASS and station ET, 
yielding mean R² across stations of 0.74 and 0.71 for FLUXNET2015 and ICOS 
Drought-2018 respectively. The geographical distribution of R² between stations 
and GLASS ET is also shown in Figure A.2b. 

3.2.3 Tr data

Here we used GLEAM3.5a (https://www.gleam.eu/) Tr data (Martens et al., 2017) 
in all our analysis. The data is created in a land evaporation model and uses data 
assimilation of soil moisture from satellite observations. It is available in 0.25° 
spatial and daily resolution. We again bilinearly interpolated in space to the 3km 
European CORDEX grid, and aggregated the daily data to 8-daily means to make 
direct comparisons with the GLASS RS data. We compared GLEAM and ERA5-
Land (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land) Tr 

with sap flow measurements from trees that we upscaled to forest stand Tr from 
SAPFLUXNET (Poyatos et al., 2020) (http://sapfluxnet.creaf.cat/). The results are 
shown in  Table A.5. We opted for GLEAM Tr because of the higher mean R2 

across stations (0.42) than ERA5-Land (0.39). We add that the comparisons were 
biased because the upscaling from tree sap flow to tree stand transpiration did 
only represent one species (although this species dominated the forest) and did 
not  represent  understory  transpiration  at  all  while  GLEAM  transpiration 
represents whole ecosystem transpiration. Still, we were not aware of currently 
existing, more adequate homogeneous in-situ Tr data spanning multiple sites to 
verify transpiration directly at the moment and leave this out for future studies.

3.2.4 Meteorology data

Meteorological variables we used in this study were used to determine droughts 
(precipitation), hydro-climates (precipitation, annual sums (Jafari et al., 2018), see 
Figure A.1 and Table A.1) and/or environmental drivers in the PCMCI+ analysis 
(precipitation, temperature, shortwave incoming radiation, wind speed, relative 
humidity).  All  those  values  originated  from  the  COSMO-REA6 
(https://reanalysis.meteo.uni-bonn.de/?COSMO-REA6), a meteorological, high-
resolution regional reanalysis over the European CORDEX domain in 6km spatial 

https://reanalysis.meteo.uni-bonn.de/?COSMO-REA6
http://sapfluxnet.creaf.cat/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
https://www.gleam.eu/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
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and  hourly  time  resolution  with  boundary  conditions  from  ERA-Interim 
(Bollmeyer et al., 2015). Again, we bilinearly interpolated the data to 3km and 
aggregated to 8-daily means. This meteorological data also forces a land surface 
model, which will be used to elaborate on the current implementation of the WUE 
ecosystem function in Europe in an upcoming study. The VPD was calculated 
from the temperature and relative humidity after Allen et al., 1998:

Es=0.6108×e
17.27×T
T +237.3 (3.1)

Ea=
Es×RH

100
(3.2)

VPD=Es - EA  [ kPa ] (3.3)

Where ES is the saturated vapour pressure and EA the actual vapour pressure, T 
the temperature and RH the relative humidity.

3.2.5 Hydrology data and drought indices

We  took  soil  moisture  data  from  ERA5-Land 
(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land)  at  two 
different depth layers (0 – 7 cm, 7 – 28 cm). We bilinearly interpolated from the 
native 0.09° spatial resolution to the 3km European CORDEX grid and aggregated 
the daily values to 8-daily means. After we compared the WUE drought response 
based on drought indices of both, we opted to just use the surface soil moisture 
layer (0 – 7 cm) because the WUE response to soil moisture drought in both soil 
layers did not differ. The drought indices of precipitation and soil moisture of 
both layers were calculated using the climate indices python package (J. Adams, 
2022) by fitting the soil moisture and precipitation of the whole 1995 – 2018 time 
series in every grid cell into a gamma distribution. Then we calculate standardized 
anomalies from the transformed time series:

SXI =
X - X
σ x

(3.4)

Where X is the time series of the respective water resource (precipitation or soil 
moisture from both layers), and X  and σx the mean and the standard deviation of 
the  respective  time series  at  the  grid  cell  level.  SXI represents  the  resulting 
standardized drought index, specific for the water resources, the standardized 
precipitation index (SPI) and the standardized soil moisture index (SSI) of the 
surface soil layer.

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land
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3.2.6 Leaf area index and land cover data

We obtained the leaf area index for the PCMCI+ analysis from the ERA5-Land. 
We bilinearly interpolated from the 0.09° native spatial resolution to the 3km 
European CORDEX grid and aggregated the daily data to 8-daily means.

The land cover data is IGBP-Modified MODIS 20-category data from MCD12Q1 
(https://lpdaac.usgs.gov/products/mcd12q1v006/). We upscaled the data from 500m 
native  spatial  resolution  to  our  3km  European  CORDEX  working  grid  by 
selecting the dominant land cover within the native grid cells whose centers lay 
inside the coarser 3km grid cell. Therefore, the land cover indications refer in this 
paper refer to the grid cell specific dominant land cover type by area.

3.2.7 In-situ observation data and validation

We  used  in-situ  observation  data  from  three  different  networks,  that  are 
FLUXNET2015  (Pastorello  et  al.,  2020) (60  sites,  569  site-years)  and  ICOS 
Drought-2018 (Drought 2018 Team & ICOS Ecosystem Thematic Centre, 2020) (42 
sites, 577 site-years) for GPP and ET and SAPFLUXNET (54 sites, 180 site years) 
for sap flux. 

The ICOS Drought-2018 data used the FLUXNET format (Pastorello et al., 2020) 
and methodology that is also used in FLUXNET2015, so here we describe how we 
used  them  for  both.  We  used  the  GPP  variable  estimated  by  night-time 
partitioning from net ecosystem exchange with variable threshold on friction 
velocity dependence (‘GPP_NT_VUT_REF’ variable).  We masked this variable 
based  on  estimations  of  data  quality  of  net  ecosystem  exchange 
(‘NEE_VUT_REF_QC’ variable), which is the measured variable before GPP gets 
partitioned  from  it.  Similarly,  to  use  in-situ  ET  observations,  we  took  the 
measured latent heat flux from those data (‘LE_F_MDS’ variable) that uses the 
marginal distribution sampling technique (MDS) for gap filling. This variable was 
again masked by data quality measure (‘LE_F_MDS_QC’ variable). Then, we 
converted W m-² to mm day-1 by multiplying all  values by 0.035,  assuming a 
constant enthalpy of vaporization decoupled of variable temperature, which was 
applied in numerous studies before because of the small effect of variable enthalpy 
to the overall outcome of the conversion.

As in-situ Tr data remains scarce, we opted to use a pan-European in-situ data of 
sap flux measurements and upscale them to the tree stand with the method seen 
in Nelson et al., 2020: We normalized daily tree sap flow values to the unit basal 
area of each tree and averaged the values for each species present in the stand. In 

https://lpdaac.usgs.gov/products/mcd12q1v006/
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all stands, species where sap flow was measured covered 90% of the total stand 
basal area. Then we multiplied the species-specific sap flow per basal area by the 
basal area of each species in the stand and summed the resulting Tr of all species 
to obtain the stand level Tr in mm day-1. 

For  the validation,  we first  found the closest  grid  cell  in  the 3km European 
CORDEX grid, which the spatial data where regridded to before (see above), to 
the coordinates of the observation station. Closest grid cell means the grid cell  
where the grid cell center has the shortest distance to the observation coordinates. 
We extract the GPP, ET and Tr variables from the aggregated spatial data and 
calculated R² between the time series of the station and the grid cell level data of 
the spatial data.

3.2.8 Determination of WUE drought response

We then identified the drought response in each location or grid cell  as  the 
difference of the median WUE only in drought years to the overall median WUE 
in that grid cell. For this, we defined a drought where the monthly SSI or SPI is  
less than -1. Similarly, drought severity categories were defined over the monthly 
SPI  and  SSI  bins  based  on  thresholds  from  Table  A.2.  Respective  drought 
response refer to the difference between the median WUE when the drought 
index is within the given bin and the overall median WUE at this location.

3.2.9 Resulting European data for WUE analyses

We aggregated the spatial data to one single netCDF file. This data is in the 3km 
European CORDEX grid, in 8-daily time-steps from 1995 until 2018 and comprises 
of variables from GLASS remote sensing (GPP, ET), GLEAM reanalysis (ET, Tr, 
surface and root layer soil moisture), ERA5-Land reanalysis (ET, Tr, surface and 
first  sub-surface  layer  soil  moisture,  leaf  area  index),  and  COSMO-REA6 
meteorology (temperature, precipitation, relative humidity, incoming shortwave 
radiation, wind speed). The data can be made available upon request.

3.2.10 Water-use efficiency indices

The WUE indices  are  calculated from the data  choices  described above.  We 
calculated the EWUE index based on the GPP and ET from GLASS remote 
sensing:

EWUE=
GPP
ET

 [ g  C  mm-1 ] (3.5)
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The TWUE index is based on GLASS GPP and GLEAM Tr:

TWUE=
GPP
T r

 [ g  C  mm-1 ] (3.6)

To calculate the IWUE index, that considers the canopy conductance Gc rather 
than actual water-use per se, we first define Gc as:

Gc=
T r

VPD
 [mm  kPa-1 ] (3.7)

With Tr from GLEAM and VPD calculated from COSMO-REA6 (see above). 
Therefore, IWUE results as:

IWUE=
GPP
Gc

=
GPP
T r

×VPD=TWUE×VPD  [ g  C  kPa  mm-1 ] (3.8)

3.2.11 Trend analysis

The WUE slope, intercept and p values were calculated in each grid cell using the 
non-parametric,  seasonal  Mann-Kendall  analysis  from  the  python  package 
pymannkendall (Hussain & Mahmud, 2019) for monthly values from 1995 – 2018 
masked to the summer months June, July and August. The slope is determined as 
the Theil-Sen estimator slope and the p value with a two-tailed test. We estimated 
median  trends  and  intercepts  of  geographic  regions  and  land  cover  by  first 
determining the grid cells corresponding to a certain region or to one particular 
or a group of land cover and then calculating the median slope and intercept 
values corresponding to those grid cells, respectively. The relative median trend 
is  then calculated by  dividing the resulting scalars  median trend by median 
intercept. We chose the intercept as the relative reference because it represents 
the regression value at the start of the time series, in our case i.e. beginning of  
1995 and by multiplying with the number of years, i.e. 24, we got the total relative 
change of the trend regression during this study period.

3.2.12 Causal network analysis

PCMCI+ (Runge, 2020; Runge et al., 2019) is a causal network discovery method, 
which can estimate contemporary and lagged dependencies between time series. 
Important assumptions to entitle causality in PCMCI+ is causal and time series 
stationarity and causal sufficiency. To fulfill causal sufficiency, we included as 
many as 11 variables related to ecosystem process variability (i.e. GPP, ET, Tr, 
temperature, relative humidity, VPD, Gc,  shortwave incoming radiation, wind 
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speed, precipitation, soil moisture and the leaf area index) and selected possible 
links of physically plausible relationships using the selected_links parameter and 
a significance level threshold of 0.01. Although some links of the network were not 
analysed here,  their  inclusion secured causal  sufficiency (consideration of  all 
possible common influencing factors to a variable) and they will be scrutinized in 
future investigations. We approximated causal stationarity by masking the time 
series to the summer season to omit changing relationships between variables, 
e.g. shortwave incoming radiation GPP in deciduous forests is given in summer→  
but not in winter (Krich et al., 2020). We further acknowledged changes in the 
causal  relationships  between the  variables  during special  conditions,  such as 
extreme high temperatures (Krich et al., 2022), and in the long-term over the 24-
year period but we argue that they are negligible in the 8-day timely resolution in 
our data. Time series stationarity is satisfied by detrending and using seasonal 
anomalies of the time series of each variable that have already been masked to the 
summer months, before inputting into the PCMCI+ algorithm of the python 
package  tigramite  (https://github.com/jakobrunge/tigramite).  We  conducted 
three analyses whereby we added one respective WUE index to the input variables 
and adapted the selected_links parameter to match the possible links between the 
different  components  and  their  respective  WUE index  and  no  lag  of  causal 
relationships. Directed causal links between variables are iteratively found with 
conditional independence tests. We remark that some relationships among the 
selected links are of nonlinear nature. Nonlinear conditional independence tests 
in the PCMCI+ algorithm exist, however the detection power of linear links will 
be inhibited. We chose to assume a linear causal network as we are predominantly 
interested  in  how  the  strength  of  particular  links  vary  across  networks 
aggregations of regions, climates and land cover. Therefore we opted for the 
linear partial correlation conditional independence test for the cost of potential 
false positives and false negatives, but is still able to detect small nonlinearities. 
We minimized the impact of this uncertainty by limiting the network to physically 
possible and plausible links with the selected_links parameter as described above. 
For the full methodological description of PCMCI+ we refer to Runge, 2020. The 
network including all possible links through our selected_links control is shown 
in Figure A.11. Importantly, the total possible network may not make sense as such 
but enables PCMCI+ to unravel the different causal networks of hydro-climates 
and land cover. An exemplary causal graph output from PCMCI+ for a grid cell 
corresponding to the Wüstebach ICOS station (DE-RuW) for the EWUE index is 
shown in Figure A.12. 

https://github.com/jakobrunge/tigramite
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To identify shifts in the causal network resulting from a particular environmental 
condition, two causal networks have to be determined: One with time series 
including this particular effect and one without. The differences in the detected 
links  and  link  strengths  between  those  two  networks  are  the  effect  of  the 
environmental condition on the causal network. We investigated the effects of 
drought on the causal network by splitting the grid cell time series of all variables 
into two: one only containing values corresponding with SSI values lower than -1, 
and  another  non-drought  time  series,  containing  all  other  values.  Then  we 
subtracted  the  absolute  link  strengths  of  the  non-drought  from the  drought 
network to have the difference network representing all  link changes during 
droughts.

Link response= Linkdrought - Linknon -drought (3.9)

Where  Link is a chosen link of the causal network,  Linkdrought the strength, or 
partial correlation, of the chosen link in the casual network during droughts and 
Linknon-drought the strength of the chosen link in the non-drought causal network. 
Therefore, we applied PCMCI+ to each land surface cell in the study grid for 
three WUE indices and for non-drought periods, drought periods and overall, 
resulting in a high dimensional output with six causal networks from mentioned 
variables for each cell. 

3.3 Results

3.3.1 All WUE indices decrease in Central Europe

Several aspects of ongoing global change (e.g. anthropogenically driven increased 
CO2 and resulting changes and temperature and VPD) were found to affect the 
WUE (Beer et al., 2009; Dekker et al., 2016; Guerrieri et al., 2019; M. Huang et al., 
2015; Keenan et al., 2013; Q. Zhang et al., 2019).  To identify resulting long-term 
changes we conducted pixel-wise seasonal  Mann-Kendall  trend analyses that 
show spatially extensive, significant (p<0.05) negative summer EWUE trends in 
Eastern and Central Europe (Figure 3.1a).



Chapter 3: Rising water-use efficiency in European grasslands is driven by increased primary production

58

Figure 3.1: Albeit different directionality of trends elsewhere, all indices agree on decreasing summer WUE 
in Central Europe. In the summer seasons (June, July and August) over the years 1995 – 2018, EWUE (a),  
TWUE (b) and IWUE (c) trends were calculated over monthly time series for each grid cell with the seasonal 
Mann-Kendall analysis. The cross hatches mark areas where the trends are significant (p < 0.05). 

There was a radial  gradient from these continental  regions outward towards 
significant increases in North and South Europe. The median relative change of 
the whole domain was -5.2%. The total relative changes here and later refer to the 
ratio of median of slopes of corresponding pixels to the median of intercepts of 
the same over the whole 24-year period 1995 – 2018. Therefore, the continental 
WUE change was dominated by the extensive negative trends in Eastern and 
Central Europe (Figure A.1 for the extents of the regions) which changed by -17.2% 
and -8.8%. The negative median decreasing trend agrees with MODIS products 
analyses by (Tang et al., 2015) who found decreasing global EWUE, although no 
resolved signal  for  Europe was shown. Other studies  using MODIS data  (L. 
Huang et al., 2017; Xia et al., 2015) outlined decreases of a much smaller extent in 
Eastern Europe until 2014 than we found here, but showed positive trends over 
most remaining parts of Europe. Importantly, the inclusion here of (1) the long-
term influences of CO2 and VPD to GPP and (2) recent years, 2014 until 2018, 
might be reasons for differences to mentioned studies. The decreasing trends in 
EWUE are also evident in station scale and spatially upscaled EWUE estimates 
from eddy-covariance (EC) measurements which show mostly negative trends in 
Europe, and a small increase in the southern, more arid areas of the continent (M. 
Huang et al., 2015; L. Zhang et al., 2020) as well. However, site network data was 
not able to confirm the decreases in Eastern Europe due to the lack of stations in 
that area (Figure A.2 for the distribution of EC stations in used data in Europe).
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In  Figure 3.1b, the summer TWUE trends show the same negative sign and a 
similar magnitude in Central and Eastern Europe as EWUE trends. The different 
trend slope from Central and East to Northern and Southern Europe was evident 
again. However,  the extent of significant trends was not as coherent as with 
EWUE  trends:  Patchiness  of  the  sign  of  TWUE  trend  implies  higher 
spatiotemporal heterogeneity of Tr than of ET. Europe had a median TWUE 
change of -3.0%. Regionally, Eastern and Central Europe TWUE changed by 
-12.9% and -8.9% respectively. Scandinavia experienced a TWUE change of +10.7% 
during the  whole  study period.  These  trends  agree  better  than EWUE with 
previous modeling studies (M. Huang et al., 2016).

In contrast, the median summer IWUE change across the region was positive 
(+4.6%). Further, in contrast to EWUE and TWUE, there were significant positive 
summer IWUE trends in Eastern Europe (Figure 3.1c). There, IWUE changed by 
a median of +5.2% and on the Iberian Peninsula by +10.0%. However, as for EWUE 
and TWUE, also IWUE shows a negative change in Central Europe by -4.2% over 
the 24-year  study period.  We also  aggregated the  trend slopes  over  areas  of 
selected land cover types (Figure A.3 for a map of land cover types). We found 
that IWUE of evergreen needleleaf and deciduous broadleaf forests both changed 
by +3.0%. Further, in croplands IWUE increased by +5.6% and grassland IWUE 
changed by a higher margin of +24.2%. 

An increase of forest IWUE was recorded in previous studies (M. A. Adams et al., 
2020; Frank et al., 2015; Keenan et al., 2013; Lavergne et al., 2019; Marchand et al., 
2020) and  mostly  explained  by  long-term elevated  CO2 concentration  in  the 
atmosphere. Nevertheless, the magnitude of the forest IWUE increase from tree-
ring  studies  is  still  debated  (Gong  et  al.,  2022).  Our  results  agree  with  the 
directionality of trends from eddy covariance towers of Keenan et al., 2013 and 
Mastrotheodoros  et  al.,  2017,  but  here  we had a  more extensive  time period 
including more recent years and state a substantially lower magnitude of IWUE 
trends (0.12% year-1) in forests.  Frank et al., 2015, also found IWUE increases in 
broadleaf and needleleaf forests solely driven by CO2 based on tree ring isotope 
measurements. Here we did not find a distinct magnitude of increasing trends 
between  needleleaf  and  evergreen  forests,  in  contrast  to  tree-scale  studies 
(Lavergne et al., 2019; M. Wang et al., 2018).

3.3.2 Contrasting drought response between WUE indices

We further analysed the Europe-wide impacts of precipitation and soil moisture 
summer  droughts  on  WUE  anomalies.  We  first  calculated  the  standardized 
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precipitation index (SPI) and the standardized soil moisture index (SSI) over the 
whole study period for each grid cell  on a monthly time scale (see Methods 
section 3.2 for more details). Then, we determined monthly anomalies of each 
WUE index when the drought index indicates drier than normal conditions, i.e. 
when it is lower than -1. Finally, the summer WUE drought response (Figure 3.2) 
at each location is the median of its drought anomalies over all summer seasons.

Generally, we found a larger response for SSI (Figure 3.2b, d, f) than for SPI 
droughts  (Figure  3.2a,  c,  e)  with  all  WUE indices.  EWUE and TWUE both 
respond predominantly negative to drought, on over 80% of Europe for SPI, and 
on over 78.9% and 66.3% for SSI droughts, respectively. For each grid cell we 
estimated the relative drought response by relating the median drought response 
to the overall median WUE over the study period for that same grid cell. The 
median relative SPI drought response of  EWUE and TWUE over the whole 
domain was -8.6% and -8.5%, respectively, and the response to SSI droughts were 
slightly larger for EWUE (-9.4%) and lower for TWUE (-7.6%). Notably, largest 
regional  response of  both,  EWUE and TWUE, happened in Central  Europe 
during  SSI  droughts,  -15.3%  and  -14.4%  ,  respectively.  The  Mediterranean, 
however, was the only region with a median positive TWUE response, which 
amounted to +2.6% during SSI droughts. In contrast, IWUE responded positively 
to drought virtually ubiquitous (over 90% of Europe for both drought types), so 
that the median response to SPI droughts was +17.3% and to SSI droughts was 
+23.6%. Same as with the other WUE indices, the response of IWUE was larger 
during SSI droughts. The highest regional response was in the Mediterranean, 
accounting for +31.7% and +23.1% during SPI and SSI droughts. Note a gradient 
from  Northern  humid  regions  with  lower  drought  response  toward  higher 
response in drier areas in the South. 

We found agreement on a generally negative EWUE drought response with other 
past studies based on site scale FLUXNET and spatial MODIS data (L. Huang et 
al., 2017; J. Zhao et al., 2021). In particular the study of Peters et al., 2018 based on 
atmospheric  carbon  isotope  data  also  found  increased  IWUE  during  severe 
drought events for the Northern hemisphere. Using remote sensing data of ET 
and Tr and site-scale GPP, Gu et al., 2021 discovered discrepant EWUE (positive) 
and TWUE (negative) drought response. However, we found that our results 
showing mostly negative EWUE drought response of forests disagree with  L. 
Huang et al., 2017, who used MODIS data and found mostly increasing EWUE in 
Europe. The usage of data of different scales (grid cell remote sensing water-use 
to site scale GPP) as well as analysis exclusively at EC site locations in their 
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analysis  could  explain  the  different  EWUE  drought  response  between  their 
analysis and here.

Figure 3.2: The magnitude of WUE response to droughts depends on the drought severity and the hydro-
climate. Shown here are EWUE (a, b), TWUE (c, d) and IWUE (e, f) median anomalies (color map) to 
indicate the drought response during instances of standardized precipitation (SPI) (a, c, e) and soil moisture 
(SSI) (b, d, f) anomaly categories (x-axes) and hydro-climates (y-axes, Figure A.1, Table A.1 and Table A.2).
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3.3.3 Gradient of WUE drought response across hydro-climates

We then analysed the WUE response to different summer drought categories in 
hydro-climates (Figure 3.3) to identify their relationship as well as conditions with 
an optimal WUE (Beer et al., 2009; Y. Yang et al., 2021; J. Zhao et al., 2021). For 
that, we determined zones of hydro-climates based on annual precipitation (Jafari 
et al., 2018) (Figure A.1 and  Table A.1) and calculated median WUE anomalies 
(defined here as drought response) within the hydro-climate during occurrences 
of seven categories of summer SPI and SSI indices ranging between ≤ -2 and > 2 
(Table A.2) on a monthly period. 

In Figure 3.3a we uncovered two gradients of EWUE response to SPI categories: 
(1, along the x-axis) from negative response during dry conditions to positive 
response  during  wet  conditions  with  larger  response  during  more  extreme 
conditions and (2, along the y-axis) increasing negative drought response in dry 
conditions across all hydro-climates. Here for EWUE, gradient (2) is exhibited by 
low response in very humid and arid and the largest response in semi humid 
hydro-climates. Both these gradients were more pronouncedly evident for SSI 
categories (Figure 3.3b). J. Zhao et al., 2021 also showed increasing negative EWUE 
drought response with drought severity from FLUXNET data, but in contrast to 
our study, they showed negative EWUE response during wet conditions.

Similarly, TWUE response also followed both gradients (1) and (2) in very humid 
to semi humid regions along SPI (Figure 3.3c) and SSI (Figure 3.3d) categories. 
But in semi arid and arid hydro-climates, we found generally smaller response of 
EWUE and TWUE along SPI categories and a reversed gradient (1) for TWUE 
along SSI categories, i.e. positive response during dry and negative during wet 
conditions. 

This reversed gradient (1) was again observed in IWUE response but across all 
hydro-climates for both drought types (Figure 3.3e and f). Gradient (2) in the 
IWUE  response  to  SPI  droughts  was  directed  towards  the  largest  positive 
response in semi humid and humid hydro-climates, while during SSI dry and wet 
conditions it was towards semi arid regions.
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Figure 3.3: The magnitude of WUE response to droughts depends on the drought severity and the hydro-
climate. Shown here are EWUE (a, b), TWUE (c, d) and IWUE (e, f) median anomalies (color map) to 
indicate the drought response during instances of standardized precipitation (SPI) (a, c, e) and soil moisture 
(SSI) (b, d, f) anomaly categories (x-axes) and hydro-climates (y-axes, Figure A.1,  Table A.1 and Table A.2).

3.3.4 Drivers of WUE change and WUE drought response

We conducted a causal network discovery analysis to understand the relationships 
between meteorological,  hydrological  and biogeochemical  variables  and how 
they interacted to cause WUE variability for all summer months (Figure 3.4) and 
how these interactions differed during droughts (Figure A.8). In particular, we 
applied the PCMCI+ method (Runge, 2020; Runge et al., 2019) to create a causal 
network (see Methods section 3.2.12 and Figure A.11 and Figure A.12) out of the 
input time series of considered variables for each grid cell. We limited this analysis 
to the link strengths, i.e. partial correlations, where PCMCI+ yielded directed, 
significant (p < 0.01) causal links. It is clear that by definition, both, GPP and ET 
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cause WUE variability. However, their individual contribution to WUE changes 
might differ depending on geography and environment, so that either GPP or 
ET, or both similarly, are responsible for those WUE changes. Furthermore, it is 
important to understand that the resulting network does not directly yield the 
drivers of long-term changes of a selected variable. Rather, the network depicts 
the  drivers  of  small-scale  changes,  identifying  the  contribution  of  a  certain 
variable  at  the  link  source  (arrow  beginning)  to  the  overall  variability  link 
destination (arrow head, see examples  Figure A.11 and Figure A.12). The input 
time series to the PCMCI+ analysis were detrended and anomalized.

Figure  3.4: EWUE change is caused by gross primary production (GPP) on the Iberian Peninsula and 
evapotranspiration (ET) variability in Central and Eastern Europe, while we determined less directed causal 
links to TWUE and IWUE. Here we show partial correlations of GPP versus ET to EWUE (a), GPP versus 
transpiration (Tr) to TWUE (b) and GPP versus canopy conductance (Gc) to IWUE (c) from the PCMCI+ 
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analysis. Green colors show a stronger link between GPP and WUE variability, and pink colors a stronger  
link between water-use and WUE, while gray shows low correlations and dark purple strong correlations of 
both. On the right side, we show for each map the relative area to the total land surface where PCMCI+  
yielded directed links from GPP and water-use WUE (d, h, l) and the respective mean partial correlations 
(circle) across the continent with the standard deviation (error range marker) (e, i, m). Lastly, we aggregate 
the partial correlations of those links (f, g, j, k, n, o) over land cover (x-axes, ENF =Evergreen Needleleaf  
Forest, DBF = Deciduous Broadleaf Forest, MF = Mixed Forest, GR = Grasslands, C = Croplands) and hydro-
climates (y-axes).

First,  we scrutinized the  causal  networks  resulting from all  summer months 
(drought as well as non-drought months included). GPP was significantly linked 
to EWUE variability on a greater share of Europe than ET (Figure 3.4d) but both 
correlated on average and in absolute values almost equally strong with EWUE 
(+0.66±0.21 and -0.6±0.36, Figure 3.4e). On the Iberian Peninsula, GPP variability 
was the predominant cause of EWUE changes on 92.9% of its area (where the 
correlations of the link GPP EWUE were above +0.66). Around France GPP and→  
ET did both control EWUE. However, in Central and Eastern Europe 94.7% and 
86.4% of the regions had rather ET caused EWUE changes, and a much smaller 
area with strong links between GPP and EWUE. 

Generally,  PCMCI+ determined less  grid  cells  with directed links  from GPP 
towards TWUE and IWUE than to EWUE (compare totals of Figure 3.4d, h, l). 
Further, the mean link strength between GPP and TWUE as well as IWUE was 
lower than to EWUE (compare Figure 3.4e, i, m). While the zones where GPP 
and water-use influence were both strong around France and north of the Black 
Sea remained when investigating TWUE (Figure 3.4b), the predominance of GPP 
influence in the Iberian Peninsula and the Mediterranean on TWUE was not 
present. Rather, TWUE was mostly transpiration controlled (Tr TWUE < -0.66→  
on 76.8% of Europe). Only in Scandinavia along the coast and on Iceland GPP 
prevailed primal driver of TWUE. We found again less occasions where GPP 
caused IWUE (Figure 3.4l), and on at least 90% of the total area Gc dominated 
over GPP in the control of IWUE variability. 

Then, we aggregated mean partial correlations from the directed links of the 
PCMCI+ analysis towards WUE (Figure 3.4f, g, j, k, n, o) and towards GPP, Tr and 
Gc (Figure A.6 and Figure A.7) over hydro-classes and land cover. In grasslands, 
the GPP EWUE link was especially strong for all hydro-climates (→ Figure 3.4f), 
in exchange for a weak link between ET and EWUE (Figure 3.4g). Concurrently, 
also in grasslands, there was a weak connection between temperature as well as 
soil moisture to GPP (Figure A.6a and b) as well as strong Tr dependent Gc (Figure
A.7b). We found that besides the predominance of the Gc control on IWUE in 
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other  ecosystems,  in  grasslands  and  evergreen  needleleaf  forests  GPP  still 
accounted for a fair share of IWUE variability. 

Just across hydro-climates, we discovered stronger links from GPP to EWUE 
(Figure 3.4f) and weaker links from ET to EWUE (Figure 3.4g) in semi arid than 
in more humid areas. An influence of hydro-climate on the GPP to TWUE link 
was only clearly visible for deciduous broadleaf forests and grasslands (Figure
3.4j, both towards stronger GPP TWUE links in very humid areas), the strongest→  
Tr TWUE links, however, were in in semi-humid and humid hydro-climates→  
(Figure 3.4k). Aside from the low average influence of GPP on IWUE across the 
continent that we described before,  Figure 3.4n also shows that this link still 
played a role for evergreen needleleaf forests and grasslands and it was modulated 
by hydro-climate, so that the weakest GPP IWUE links were in semi arid and→  
the strongest  in  very humid areas.  The Gc influence on IWUE shows lower 
correlations  generally  in  semi  arid  zones  throughout  all  land  cover  and  in 
grasslands across all hydro-climates.

The input for a second PCMCI+ analysis were only those values in the time series 
of the considered variables that concurred with a soil moisture drought (SSI < -1). 
We did the same processing of the data to create the European interaction maps 
of GPP and ET links in Figure A.8a, b and c as we did in Figure 3.4a, b, and c. For 
the bars of relative area covered by significant links (Figure A.8d, h and l), the 
mean link strengths (Figure A.8e, i and m) and the aggregations of mean link 
strengths across hydro-climate and land cover (Figure A.8f, g, j, k, n and o), we 
rather show the absolute difference of the corresponding values between the 
drought and the non-drought PCMCI+ analyses, to highlight the aggregated 
response of the links to droughts (see Methods section 3.2.12 for a more detailed 
description).

The number of grid cells and therefore the relative area with significant links 
between GPP, water-use or Gc have generally decreased (Figure A.8d, h and l), 
but by a rather small magnitude (always less than 5%). Further, the influence of 
GPP on EWUE increased and the influence of ET on EWUE decreased during 
droughts (Figure A.8e).  Geographically,  this  meant more extensive sole  GPP 
control over EWUE in Southern Europe, and more co-control of EWUE by GPP 
in Central and Eastern Europe. This was noticeable through more green colors in 
the South and shifts from pink and purple to dark purple in Central and Eastern 
Europe  between  Figure  3.4a  and  Figure  A.8a.  Similarly,  GPP  influence  on 
drought TWUE increased and Tr decreased (Figure A.8i), mostly noticeable in 
Central and Eastern Europe (compare  Figure 3.4b and Figure A.8b). However, 
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droughts did not change the interactions of IWUE drivers much. The already 
small GPP influence on IWUE in general decreased during droughts (Figure
A.8m), but the ubiquitous Gc influence persisted.

Furthermore, the aggregated drought response of GPP and water-use links to 
WUE along hydro-climate  and  land cover  were  more  nuanced.  We found a 
contrasting GPP EWUE drought response between semi arid (negative) and→  
more humid hydro-climates (positive), particularly in grasslands and croplands 
(Figure A.8f). The response of the ET EWUE link to drought was also reversed→  
(positive)  in  semi  arid  grasslands  than  in  other  ecosystems  (negative).  In 
deciduous broadleaf and mixed forests,  as well  as in croplands, the drought-
related link strength reductions of ET to EWUE and Tr to TWUE, were most 
dominant,  while  evergreen  needleleaf  and  mixed  forests  experienced  the 
strongest increases in GPP influence on both EWUE and TWUE. The semi arid 
regions  showed  a  contrasting  response  of  the  Tr TWUE link  in  deciduous→  
broadleaf forests, where Tr influence increased. Again inverted drought response 
of GPP IWUE link in semi arid hydro-climates response was most dominant in→  
grasslands  and  croplands,  and  for  Gc IWUE  in  deciduous  broadleaf  and→  
evergreen needleleaf forests. The reduction of GPP influence on IWUE during 
droughts was most accentuated in very humid evergreen needleleaf forests.

3.4 Discussion

To comprehensively describe the variability of the important WUE ecosystem 
function along recent climate change, we conducted analyses on the summer-
time trends, drought response and the causes of variability across the European 
continent  using  novel  RS  and  reanalysis  data.  Here  we  did  not  include 
investigations on particular effects of the newly included influences of CO2 and 
VPD in the RS GPP data on our WUE analysis. But these developments are 
welcome because the missing influences on GPP and resulting uncertainties on 
long-term WUE trends were a main point of criticism on RS-based WUE studies 
(Lavergne et al., 2019). Nevertheless, the RS GPP model implementations and 
underlying data uncertainty must still be scrutinized with respect to WUE. Future 
works might therefore use control data without these inclusions and test their 
incorporation to assess the effect on WUE variability.

A Mann-Kendall seasonal trend analysis showed EWUE and TWUE decreased in 
Central and Eastern Europe and increased in Northern Europe and the Iberian 
Peninsula. IWUE on the other hand mostly increased but aligns with the other 
indices on decreases in Central Europe. The dominant increase of IWUE was in 
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accordance with previous studies from different data sources and scales (M. A. 
Adams et al., 2020; Frank et al., 2015; M. Huang et al., 2015; Keenan et al., 2013; 
Lavergne et al., 2019; Marchand et al., 2020; M. Wang et al., 2018). But here we also 
showed highly resolved, spatially extensive, significant decreases of all three WUE 
indices in Central Europe and of EWUE and TWUE in Eastern Europe which 
could not yet be confirmed in in-situ data yet, due to the lack of eddy covariance 
measurements there.

As indicated by  Kühn et al., 2021, increasing WUE is a trait that is related to 
enhanced plant performance and fitness irrespective of the WUE index at plant 
scale. We assumed the relationship of WUE on ecosystem performance and fitness 
to persist on grid cell scale, but found inconsistency of WUE trend direction 
between  indices  (negative  for  EWUE  and  TWUE  and  positive  for  IWUE). 
Therefore,  we  concluded  that  the  IWUE  index,  which  considers  the  eco-
physiological adaptation of Gc and hence compares better with plant scale WUE, 
is  best  for  inference  of  ecosystem  performance  and  fitness.  Consequently, 
declining IWUE from our trend analysis indicated ecosystems that potentially did 
not adapt well to environmental changes and have weakened functionality and 
performance:  the  Central  European region,  in  the  Central  Alps,  Balkan and 
western Turkey as well  as Southern Finland (Figure 3.1c).  Irrespective of the 
hydro-climate,  we  observed  increased  IWUE  indicated  enhanced  ecosystem 
performance,  particularly  in  grasslands  (Figure  A.4c),  and  decreased 
performance in mixed forests. Other land cover have contrasting directionality of 
IWUE trends and performance across hydro-climates. We note that increased 
plant IWUE is also a response to stress, and increased performance is not directly 
associated with increased ecosystem health. Nevertheless, plants and ecosystems 
that  can  efficiently  adapt  IWUE  positively  to  changes  in  environmental 
conditions have an advantage with ongoing climate change. Future studies might 
verify the scaling and from plant to ecosystem and grid cell IWUE trends and the 
inference  of  ecosystem  performance,  but  for  that  more  extensive  in-situ 
ecosystem  observation  data  is  needed.  Because  of  the  contradicting  trends, 
drought-response  and  drivers  between  WUE  indices,  analyses  on  ecosystem 
performance from large-scale and spatiotemporal continuous data such as remote 
sensing, reanalysis and land surface model outputs might focus specifically on the 
IWUE index. These results create concrete functional references for land surface 
model  developers  as  well  as  insights  into  relationships  between  ecosystem 
functioning and performance.

We did not find distinct IWUE trends between needleleaf and broadleaf forest 
land  cover  types,  exhibiting  the  known  discrepancy  between  leaf-scale  and 
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ecosystem scale WUE (Lavergne et al., 2019). We hypothesized that the potential 
bias from representing spatial homogeneity of ecosystems by aggregation of grid 
cells by dominant land cover is not significant, because EC measurements (which 
are  based  on  single  land  cover  ecosystems)  also  did  not  show  significantly 
different  WUE trends between land cover  either  (Lavergne et  al.,  2019).  The 
potential spatial aggregation bias also averaged off, by use of an adequately high 
number of grid cells with corresponding dominant land cover and might yield 
statistically more sound conceptual conclusions on discrete ecosystems than EC 
measurements  from  only  a  few  dozen  sites  with  short  time  series  and 
underrepresented  geographical  regions  and  hydro-climates.  Still,  and 
importantly, the data used in our study was subject to several uncertainties. Those 
include lack of representation of vegetation and atmosphere interactions, e.g. the 
influence of WUE changes on above-canopy VPD that was not present in the 
meteorological data from COSMO-REA6 used here. Further, the remote sensing 
and  reanalysis  models  are  forced  with  different  input  data,  so  that  drought 
response of leaf area index (and further GPP, ET and WUE) might occasionally 
be shifted in time. Though, we assess this effect over an 8-daily time resolution to 
be  negligible.  Furthermore,  the  vegetation  response  from  long-term 
environmental effects from rising CO2 and VPD in the used GLASS GPP data 
might not be reflected in e.g. ERA5-Land vegetation and soil moisture data, and 
cause bias in the TWUE and IWUE trends. We found that the GPP and ET data 
used in our study compared well with in-situ measurements by validating time-
series from corresponding grid cells with time series from eddy covariance sites 
(See Methods section 3.2.1 - 3.2.3 and Table.A.3 and Table A.4). The Tr data was 
compared to plant sap flow measurements upscaled to forest stand (see Methods 
and  Table  A.5)  but  did  not  yield  satisfactory  results.  This  could  be  due  to 
uncertainties in the scaling process and the different ecosystem representation of 
the grid cell data and upscaled sap flux data. However, large scale spatial and in-
situ Tr data alternatives remain scarce. Further development of in-situ and spatial 
Tr estimates will be appreciated, and in future those should be evaluated on WUE 
ecosystem function estimations. WUE calculations, trends and drought response 
then depend on the combination of uncertainties for each variable, amplifying 
the uncertainty range for the WUE indices. A future study will compare WUE 
estimations from eddy covariance sites with corresponding grid cells in our data 
and land surface model output, to evaluate this uncertainty in more detail.

Further  we found negative  drought  response of  EWUE and TWUE to  both 
precipitation  and  soil  moisture  droughts,  while  IWUE  responded  positively 
(Figure 3.2). All WUE indices showed larger response during more severe drought 
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conditions, and a gradient across hydro-climates (i.e. towards highest response at 
semi humid hydro-climates  for  EWUE, humid for  TWUE and semi  arid  for 
IWUE). Despite a clear relationship between precipitation and soil moisture, we 
discovered  more  pronounced  WUE  response  gradients  during  soil  moisture 
droughts. We expected this higher sensitivity of WUE to soil moisture than to 
precipitation  was  due  to  its  direct  connection  to  the  vegetation  dynamics 
(vegetation uptake of water through roots in the soil). The intriguing contrasting 
TWUE drought response between arid and humid hydro-climates, for example, 
was much more pronounced during soil moisture drought (Figure 3.3d) and less 
distinctive during precipitation droughts (Figure 3.3c). It is noteworthy that the 
differing root depths of vegetation land cover (especially shallow versus deep 
rooted) might have influenced the drought response signal. We investigated the 
difference in WUE response between soil moisture droughts in different soil depth 
layers (see Methods section 3.2.5) and we did not discover apparent differences. 
So, we focused the further discussion only on WUE drought response to soil 
moisture droughts in the surface layer (0 – 7cm depth).

To conclude on these contrasting TWUE drought response between arid and 
humid hydro-climates, it is helpful to first discuss the gradient of IWUE drought 
response across hydro-climates. Those were exclusively positive with the largest 
response in semi arid hydro-climates (Figure 3.3f). We concluded two points from 
here:  Firstly,  the  physiological  drought  response  of  Gc reduction  was  not 
accompanied by a  proportional  decrease of  GPP, resulting in the ubiquitous 
positive response of IWUE. This is in accordance to the current understanding of 
plant  biochemistry  drought  response  (Y.  Yang  et  al.,  2021).  Secondly,  humid 
ecosystems responded much less sensitive to droughts than arid. This is evident 
in weaker responses in humid hydro-climates than in arid for all drought severity 
categories, and exhibits the two opposing drought water management strategies 
of plants: The isohydric strategy common in arid ecosystems, where the stomatal 
conductance is quickly regulated to limit transpiration during droughts, and the 
anisohydric strategy common in humid ecosystems, where the plants do not 
regulate Gc until close to dehydration to maximize carbon assimilation (Joshi et 
al., 2022; Sade et al., 2012). Importantly, our analyses were conducted at monthly 
time scale, where VPD and soil moisture were found to be coupled (Novick et al., 
2016), and under such conditions, the isohydric – anisohydric framework is a good 
predictor for Gc variability (Novick et al., 2019). The results show that there was 
still some adaptation of the Gc in humid hydro-climates even during moderately 
dry conditions, expressed through slightly increased IWUE. This can be the result 
of  upscaling  heterogeneity  of  different  plant  dehydration  thresholds  and 
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occurrence of anisohydric species in humid climates. Additionally, the drought 
definitions by standardized indices did not differentiate between specific water 
needs of ecosystem types. Further, the different net water availability during same 
drought category between locations of  different mean soil  water  magnitudes 
might also have confounded these gradients. However, the gradient towards more 
dynamically adapted stomata and Gc and increased IWUE in dry hydro-climates 
is clear, and there, it even resulted in increased TWUE (Figure 3.3d), which could 
be due to the fact that decreasing Gc let Tr decrease stronger than GPP, leading to 
a  net  water  saving  per  carbon  assimilated  during  droughts.  That  behaviour 
remained exclusive for arid and semi-arid ecosystems, suggesting that humid 
ecosystem functioning with their ineffective and “risky” water strategy behaviour 
that evolved with water resource abundance (Lehner et al., 2017; Sade et al., 2012), 
will possibly be inhibited by dehydration (and/or shift to more drought tolerant 
vegetation) along with the expected increase in drought occurrence and severity 
across  the  whole  European  continent.  Upcoming  studies  should  project 
ecosystem functioning and performance with future climate scenarios and assess 
the  state  of  humid  ecosystems  by  accounting  for  ecological  instead  of  soil 
moisture drought categories.

We concluded with analyses of  causal  networks from PCMCI+ to determine 
differences between the detected drivers of WUE variability across regions, hydro-
climates and land cover types in Europe. A striking result was the GPP caused 
EWUE variability in Southern Europe which is not evident for TWUE variability 
accordingly (Figure 3.4a and b).  Therefore, the weaker link between ET and 
EWUE in Southern Europe comes from the inclusion of evaporation from soil. 
Especially  in  semi  arid,  less  vegetated  regions  during  dry  conditions,  soil 
evaporation will increase as long as there is water in the soil but Tr will decrease 
due to the closure of stomata (as seen in Figure 3.3d). that is even down regulated 
by the plants. Hence, the resulting ET variability is lower than Tr variability in 
semi arid regions and resulted in less significantly explained EWUE variability by 
ET and the predominance of GPP influence on EWUE (Figure 3.4f). However, 
TWUE variability showed the differences between isohydric, more Tr-controlled, 
arid  ecosystems  and  anisohydric,  less  Tr controlled,  humid  ecosystems  well 
(Figure 3.4b, j and k). In addition, the influence of GPP on that was present on 
EWUE and TWUE, but not obvious for IWUE suggested that IWUE variability 
was predominantly controlled by Gc through dependence of GPP on Gc (Figure
3.4c, m, n and o). Hence, IWUE depended mostly on the water management 
strategy  and  the  physiological  adaptability  to  environmental  changes. 
Importantly though, in the most humid regions (near the coast of Norway, in 
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Iceland and the Alps),  there is  high influence of  GPP on IWUE, potentially 
pointing at a decoupling of GPP and Gc.

We investigated the large increasing trend of grassland IWUE (Figure A.4 and 
Figure A.5) with respect to its drivers. For that, we depicted the linear regressions 
of relevant link strengths (as independent variables) as a function of the grassland 
IWUE trend (dependent variable) slope in Figure 3.5. Interestingly, the larger the 
slope of IWUE trend, the stronger was the GPP IWUE and VPD G→ → c and the 
weaker was the Tr G→ c link. This pattern matched to the regulation of Gc and Tr to 
dry conditions that we described above, through down regulated Tr variability 
and more GPP variability. Comparing the trends of relevant variables confirmed 
the emergent picture: high positive IWUE trends corresponded with positive GPP 
trends and negative Gc trends. Coincidentally, soil moisture droughts became less 
likely because of increasing soil moisture trends, but atmospheric water demand, 
VPD, rose, causing the described physiological responses of Gc and Tr in the long 
term. Combined with the GPP increase, which was presumably caused though 
the enhanced light-use efficiency with rising atmospheric CO2 (Cai & Prentice, 
2020),  among other environmental  factors,  these resulted in the large IWUE 
increases in European grasslands. Future studies should look in more detail on 
the factors driving the large positive grassland GPP trends and its decoupling 
from Gc variability from in-situ data on smaller scales and whether this signal is 
represented in current land surface models.

Figure 3.5: Strongly increasing IWUE in European grasslands are the result of regulated Tr and increasing 
GPP. We show in (a) the link strengths (y-axis, color lines) as linear regression function of the IWUE trend  
(x-axis). The 95% confidence interval was plotted but is minimal for all. The slope and p values of the 
regression are given in the figure legend. In (b) the linear regression of trend slopes of other relevant variables 
(y-axis, color lines) are plotted against the respective IWUE trend (x-axis). Again, the slope and p values are 
given in the figure legend. The stronger the positive IWUE trend, we note stronger GPP influence in (a, blue 
line) and the stronger the GPP trend slope, too (b, red line). At the same time, although vapour pressure 
deficit (VPD) is rising (b, light blue line), transpiration (Tr, b, purple line) was regulated by decreasing canopy 
conductance (Gc, b, dark blue line), resulting in the strong IWUE increases.
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We saw the overarching pattern of semi-arid ecosystems reacting distinctively 
than humid, croplands and forested ecosystems in the drought response of causal 
networks  (Figure  A.8).  Semi  arid  ecosystems  effectively  control  Tr without 
inhibiting  carbon  assimilation,  which  was  evident  in  unchanged  GPP  link 
strengths  to  EWUE and  TWUE  as  shown  in  Figure  A.8f  and  j,  but  partly 
strengthening the Tr TWUE link (→ Figure A.8k) and generally strengthening the 
Gc IWUE link (→ Figure A.8o). This underlines the conclusions on the opposing 
TWUE drought response between isohydric ecosystems in arid hydro-climates 
and  anisohydric  ecosystems  in  humid  ecosystems  through  different  water 
management strategies.

We also emphasize the response of causal networks in grasslands to drought that 
corresponded with the response to long-term increasing VPD described above. 
Grasslands showed a rather small change in the Tr TWUE link (→ Figure A.8k) and 
no changes to the Gc variability as well (Figure A.8o). Rather, GPP influence on 
IWUE increased especially in grasslands, again pointing at a potential decoupling 
of Gc and GPP through other environmental factors like increased atmospheric 
CO2 that would also explain the large increasing grassland IWUE trend along 
with continuous drying of the atmosphere (see increasing VPD trend).

Long-term environmental changes and resulting in trends of ecosystem variables 
over the 24-year study period might have had an impact on influences between 
those variables, thus changing the causal network over time. Those long term 
effects on causal networks were not considered here. Prospective work will deal 
with differences in “decadal” causal networks around WUE to determine the 
changes in the drivers over time, that were not considered here. We included a 
wide range of meteorological, hydrological and ecosystem processes time series 
in the PCMCI+ analysis to comply with the causal sufficiency assumption and 
have as many possible confounding factors included as possible. But scarce and 
fragmentary data kept us from including factors that might have played a role on 
ecosystem processes change: local atmospheric CO2 concentrations and human 
forest and crop management, inter alia.

All in all, the study advanced the understanding of the WUE ecosystem function, 
using new remote  sensing data  and relating  results  to  existing studies  from 
different data sources and scales. Concretely, we highlight:

1. Decreasing summer IWUE trend as  indicator  for  potentially  inhibited 
ecosystem function and performance in Central Europe;
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2. High  increasing  European  grassland  summer  IWUE  trend  despite 
atmospheric drying was caused by maintained Tr through adaptive Gc and 
increased, decoupled GPP;

3. Contrasting  TWUE  drought  response  and  IWUE  drought  sensitivity 
across hydro-climates that demonstrated the contrast between isohydric 
and anisohydric plant water management.

In this study, we provided references for the further development of land surface 
models and its discretization and parametrization and assessments of European 
ecosystem functioning and performance changes. Future work will  scrutinize 
whether these effects are detected by in-situ observations and the representation 
of  these  effects  by  current  implementation  and  parametrization  of  plant 
functional types in state-of-the art land surface models.
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4 Systematic underestimation of type-specific 
ecosystem process variability in CLM5 over 
Europe

This chapter is based on the journal article:

Poppe Terán, C., Naz, B.S., Vereecken, H., Baatz, R., Fisher, R.A., Hendricks Franssen, H.-J., 
2025.  Systematic  underestimation  of  type-specific  ecosystem  process  variability  in  the 
Community  Land  Model  v5  over  Europe.  Geosci.  Model  Dev.  18,  287–317. 
https://doi.org/10.5194/gmd-18-287-2025 

4.1 Introduction

Ecosystem  processes,  such  as  evapotranspiration  (ET)  and  gross  primary 
production (GPP), play an important role in cycling water, carbon, and energy 
between  ecosystems  and  the  atmosphere.  Changes  in  the  magnitude  and 
variability of these fluxes can indicate ecosystems’ inhibited performance due to 
changing environments (Kühn et al., 2021; Migliavacca et al., 2021). These changes 
can lead to short-term alterations and long-term trends in water resources and 
carbon  pools  in  the  atmosphere  and  the  land  surface.  Thus,  the  accurate 
quantification of the variability of ecosystem processes is pivotal for developing 
climate  change  projections  and  formulating  effective  mitigation  policies 
(Friedlingstein et al., 2023; Graf et al., 2023).

Notably,  an  accurate,  functional  understanding  of  land  surface  processes  is 
essential  to identify threatened ecosystems in the present and the future and 
facilitate  carbon  budget  calculations.  Land  surface  models  (LSMs)  serve  as 
deterministic  and  process-based  simulators  of  ecosystems,  capturing  energy, 
water,  and  carbon  fluxes  while  considering  their  interactions  and  the 
heterogeneity of the land surface (Fisher & Koven, 2020) LSMs can complement 
point-scale  observations  from  in-situ  research  infrastructures  by  providing 
spatiotemporally  uniform and extensive  high-resolution  outputs.  Their  high-
resolution process-based simulations contrast the often coarsely resolved remote 
sensing  data.  Hence,  LSMs  are  frequently  used  tools  for  investigating  and 
projecting the current understanding of ecosystem processes, such as GPP and 
ET, on various scales. However, there is uncertainty in the LSM structure, the 
parameters, the input data, and the initial conditions, which carry over to the 
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simulated variables. Therefore, assessing how well the general simulated ET and 
GPP variability compares to the observations is crucial. Such evaluations deliver 
essential context on LSM biases and form a basis for analyses of more complex 
ecosystem responses. Recent studies already found discrepancies between LSM 
simulations of ET and GPP and observations collected in the field and from 
remote sensing. For instance, these discrepancies are evident in their magnitude 
and variability (Boas et al., 2023; Cheng et al., 2021; De Pue et al., 2023; Strebel et 
al., 2023) and their response to drought (J. K. Green et al., 2024; Ukkola et al., 2016; 
H. Wu et al., 2020).  Therefore, assessing the accuracy of LSMs in representing 
observed  GPP  and  ET  fluxes  is  crucial  to  test  and  improve  our  current 
understanding of ecosystem process variability and identify the limitations of 
state-of-the-art LSMs.

Current land surface models, e.g., the Joint UK Land Environment Simulator 
(JULES), the Community Land Model 5 (CLM5), or the Community Atmosphere 
Biosphere Land Exchange Model (CABLE), employ a tiling system within the 
grid cell  to account for functional differences in distinct patches on the land 
surface. The natural and crop vegetation is grouped into plant functional types 
(PFTs), the entities for which ecosystem process calculations are resolved (Bonan 
et al., 2002; Fisher & Koven, 2020; Solomon & Shugart, 1993). Typically, PFTs are 
defined  based  on  morphological  and  phenological  characteristics  of  the 
vegetation (e.g., leaf type and leaf longevity) and climate  (Bonan et al., 2002). 
However, the usefulness of this PFT definition, or at least its current coarsely 
resolved  implementation,  is  a  subject  of  debate  (Caldararu  et  al.,  2015;  Van 
Bodegom et al., 2012). The primary argument against it is that observed plant 
traits implemented as PFT-related parameters vary to some extent in space and 
time in response to a changing environment. This spatiotemporal dependence of 
PFT traits is only marginally represented in LSMs. On top of that, most research 
assessing LSMs only used a handful of observation sites and did not analyze 
aggregated values for groups of sites observing the same PFT. Such analyses 
would  provide  essential  insights;  a  recent  study  highlighted  the  differences 
between  vegetation-type  concepts  used  in  observation  networks,  e.g.,  the 
International Geosphere–Biosphere Programme (IGBP) classification, and PFTs 
used in LSMs and underlined the importance of improving these PFT concepts 
(Cranko Page et al., 2024).

The phenology of ecosystem processes, i.e., their seasonal cycles and evolution 
through the year and the growing season length, have shifted in timing due to 
climate change. A recent study investigated which factors drive the changes in the 
mean annual dynamics of ecosystem processes in Europe (Rahmati et al., 2023), 
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and many of these discovered feedbacks, for instance, the effect of increased 
atmospheric  dryness  on  growing  season  length,  are  only  implemented 
simplistically  in  LSMs.  Furthermore,  robust  simulations of  LSMs for  impact 
assessments  become  even  more  critical  as  ecosystems  experience  more 
disturbances, along with the changing climate. For example, projections show 
that droughts have recently become more frequent in Europe (Rousi et al., 2022; 
Vautard et al., 2023) and that these extreme events will become even more frequent 
and severe in the future (Lehner et al., 2017).While the combined effect of a higher 
occurrence of compound drought events is currently not fully understood, it is 
clear from observations that individual drought years, or droughts in general, 
have already had a profound impact on ecosystem processes in Europe (Graf et 
al., 2020; Poppe Terán et al., 2023; Van Der Woude et al., 2023). Given that the 
frequency  and  severity  of  extreme  events  affect  GPP and  the  ET statistical 
distributions, investigating how the characteristics of the simulated distributions 
compare with the observed can contextualize findings of modeled ecosystem 
drought responses in Europe.

One predominantly used LSM is the Community Land Model version 5 (CLM5) 
(D. M. Lawrence et al., 2018, 2019). In the most recent version, CLM5 solves the 
biogeochemistry  (BGC),  i.e.,  the  carbon  and  nitrogen  cycles  between  the 
atmosphere,  vegetation,  and  soil.  CLM5  has  been  widely  employed  for 
quantifying and examining ecosystems at various scales, including global (D. M. 
Lawrence et al., 2019; Sitch et al., 2015; Xie et al., 2020), regional (Boas et al., 2023; 
Cheng et al., 2021), and site-scale (Fisher et al., 2019; Song et al., 2020; Strebel et 
al., 2023; Umair et al., 2020) applications.  Several studies have highlighted the 
ability of CLM5 to simulate ecosystem processes close to the observations (Boas 
et al., 2023; Cheng et al., 2021; D. M. Lawrence et al., 2019; Wozniak et al., 2020; 
L. Zhang et al., 2023).  However, they have also emphasized an underestimated 
magnitude and variability in the simulations across different timescales and under 
various conditions.

The present study assesses the CLM5's ability to capture ecosystem processes at a 
continental  scale.  To  ensure  comparability  to  point  scale  observations,  we 
conducted high-resolution simulations at 0.0275° (approx. 3 km) resolution over 
the  European  Coordinated  Regional  Climate  Downscaling  Experiment 
(CORDEX) domain (Giorgi et al., 2009), resulting in 1544×1592 grid cells. Notably, 
the output contained variables from the subgrid scale, i.e., from within a 3 km grid 
cell, for PFTs present in the grid cell. We then compared the CLM5 grid level 
(CLM5grid) and PFT level data (CLM5PFT) to observations from a continental 
network of sites. The Integrated Carbon Observation System (ICOS) provides the 
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Warm Winter 2020 data (Warm Winter 2020 Team & ICOS Ecosystem Thematic 
Centre, 2022), which include eddy covariance measurements over a dense network 
of over 70 sites in Europe. It was named after and curated to support research on 
the effect of the warm winter of 2020 on terrestrial carbon fluxes. These ICOS 
data are regarded as the gold standard for calibrating and evaluating process-
based models due to their ample spatial coverage as a network encompassing 
diverse  land  cover  types.  Thus,  it  offers  an  excellent  opportunity  to 
comprehensively assess simulated GPP and ET for specific PFTs from our CLM5 
setup over Europe.

Additionally,  we  include  remote-sensing  data  from the  Global  Land Surface 
Satellite (GLASS; Liang et al., 2021) and reanalyses from the European Center for 
Medium-Range Weather Forecasts Reanalysis 5 – Land (ERA5-Land; hereafter 
ERA5L; Copernicus Climate Change Service, 2019), as well as from the Global 
Land Evaporation Amsterdam Model (GLEAM;  (Martens et al.,  2017)) in our 
analyses to identify common patterns of ecosystem process variability between 
CLM5, in situ observations, reanalysis, and remote-sensing data.

In summary, this study uses ICOS observations as ground truth data. It compares 
them with grid level and PFT level CLM5 data and terrestrial surface fluxes from 
reanalyses and remote-sensing derivatives to the following:

1. Compare performance indices (root mean square error and percent bias) 
between the models and ICOS measurements on a per-site and PFT group 
basis  to  assess  the  systematic  error  and  accuracy  of  ET  and  GPP 
simulations.

2. Investigate  how  the  models  represent  the  observed  ET and  GPP  for 
different PFTs regarding their sub-annual averaged phenologies, standard 
deviation, and timing of important phenological events.

3. Evaluate the simulated PFT level ET and GPP statistical distributions and 
their  moments  (mean,  variance,  skewness,  and  excess  kurtosis)  to 
contextualize assessments of factors like droughts, which impact the shape 
of these distributions.

4. Compare the inter-site differences between ET and GPP time series within 
PFT  groups  to  estimate  how  the  observed  intra-PFT  variability  is 
represented in the models.

Thus, these findings offer critical information for comparisons of GPP and ET 
from the evaluated models. Furthermore, this study also paves the way for a 
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better-informed analysis of the drought response of ET and GPP from the models 
being assessed over Europe. We expect the following:

1. There  is  a  lower  systematic  bias,  and  the  simulation  is  closer  to  the 
observations by the PFT scale than the grid scale CLM5 outputs and 
remote-sensing and reanalysis data.

2. The remotely sensed and modeled data approximate critical events in the 
phenologies of ET and GPP within the standard deviation of the ICOS 
measurements for sites of one PFT. However, this ability varies between 
PFTs.

3. The remotely sensed and modeled ET and GPP data distributions show a 
lower range among the moments within the PFT groups than the ICOS 
measurements.

4.2 Methods

4.2.1 Community Land Model version 5

We use the CLM5 (D. M. Lawrence et al., 2018, 2019), which is forced offline with 
custom input data. The land surface of a region in CLM5 is first disaggregated 
into grid cells, which are uniformly distributed and simulated individually. These 
grid cells are tiled into land units (i.e., natural vegetation, crops, lakes, urban 
areas, and glaciers) with a relative area coverage within the grid cell. Importantly, 
plants in the naturally vegetated land units compete for water in a single soil 
column. The vegetation is grouped into PFTs  (P. J. Lawrence & Chase, 2007), 
which are distinguished through leaf habit (evergreen or deciduous), morphology 
(needle- and broadleaves, grass, and shrubs), and the bioclimate of the grid cell 
location (boreal, temperate, and tropical). While competition for soil moisture 
includes interactions among different PFTs, this is closer to natural conditions 
than separated soil columns and encourages evaluations on the PFT scale. Here, 
we use CLM5–BGC, which calculates vertical carbon and nitrogen pools and 
fluxes between the vegetation, soil, and atmosphere. In the following subsections, 
we briefly describe the essential processes in CLM5 that are particularly relevant 
to this study, as well as the input data and leading features of the European CLM5 
setup.
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Gross primary production and evapotranspiration
The stomatal conductance of plants (gs) couples the water exchange with carbon 
uptake between vegetation and the atmosphere. In the CLM5, gs is calculated by 
the Medlyn stomatal conductance model (Medlyn et al., 2011) as follows:

gs= g0+1.6(1+ g1

√D ) A
cs

(4.1)

Where  g0 is the Medlyn intercept and defaults to 100 mol m-2 s-1, and  g1 is the 
Medlyn slope, a PFT-specific parameter. D is the vapor pressure deficit indicating 
atmospheric water demand, and cs is the CO2 partial pressure at the leaf surface 
relative to the total atmospheric pressure.  A is the carbon assimilated through 
photosynthesis.

A=
cs - ci

1.6 r s

(4.2)

The calculation of  A is  adapted from  (Bonan et al.,  2011).  It  is  based on the 
Farquhar model (Farquhar et al., 1980) and limited by the photosynthetic capacity 
given by the LUNA model  (A. A. Ali et al., 2016). It requires knowledge of the 
gradient of CO2 concentration from the outside to the inside of the leaf and 
neglects CO2 storage at the leaf surface. cs and ci are the leaf surface and internal 
partial CO2 pressures, and rs is the stomatal resistance, which is the inverse of gs. 
Further, cs and ci are calculated.

cs=ca -1.4  rb  A (4.3)

ci=ca - (1.4  rb+1.6  r s ) A (4.4)

The factor of 1.4 refers to the diffusivity ratio between CO2 and H2O gases in the 
leaf boundary, and 1.6 is the same ratio in the stomata. The equations for A, gs, ci, 
and cs are computed iteratively until ci converges, using a hybrid algorithm with 
the secant and Brent methods (D. M. Lawrence et al., 2018). The photosynthesis 
is scaled to the canopy GPP by considering the effect of sunlit-to-shaded-area 
ratios of the total leaf area.

The  water  input  from  the  atmosphere  to  the  land  surface  can  be  snow 
accumulating on the ground, streamflow, lake water, moisture intercepted by the 
vegetation canopy, or water infiltrating the ground. The water in the ground 
percolates through 20 soil layers and is stored, directly evaporated, or taken up by 
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plant roots relative to their transpiration demand. Hydraulic stress in a plant is 
calculated in a hydraulic framework using Darcy's law for transient porous media 
flow (Bonan et al., 2014).

The transpiration flux T is calculated with the resulting rs from above.

T =
es - ei

r s

(4.5)

es is the H2O vapor pressure at the leaf surface, and ei is the saturation H2O vapor 
pressure resulting from the leaf temperature. If T cannot meet the atmospheric 
water demand because of a soil moisture shortage, CLM5–BGC introduces water 
stress  and  attenuates  gs based  on  that  transpiration  deficit  factor.  Through 
decreased gs, water stress also regulates photosynthesis, A.

Total evapotranspiration is then determined by summing the transpiration and 
evaporation  from  vegetation  interception,  surface  water,  the  ground,  and, 
potentially, snow.

Setup od the European CLM5
The  European  Coordinated  Regional  Climate  Downscaling  Experiment 
(CORDEX;  Giorgi  et  al.,  2009)  domain  delimited  the  extent  of  this  study, 
matching with the extent of regional atmospheric models. With a resolution of 3 
km (0.0275°), our grid contains 1544×1592 grid cells, including the ocean. We used 
standalone CLM5 with the activated BGC module and stub models for ice, sea, 
and waves.

The  simulations  were  forced  by  the  Consortium  for  Small-Scale  Modeling 
(COSMO) Reanalysis 6 (Bollmeyer et al., 2015; Wahl et al., 2017), a 6 km resolution 
data set providing meteorological variables over the European CORDEX domain 
from 1995  to  2019.  The  main  advantage  of  using  this  reanalysis  is  the  high 
resolution  and  a  better  representation  of  seasonal  precipitation  intensities 
compared to a coarser resolved global reanalysis (Bollmeyer et al., 2015). Using 
this forcing in high-resolution LSM simulations should lead to a more accurate 
simulation of sub-surface and surface hydrological fluxes, especially in regions 
with a relatively heterogeneous land surface (Prein et al., 2016; Wahl et al., 2017).

The  static  surface  information  was  initialized  for  the  year  2000  and  was 
determined using input data from a standard repository (D. M. Lawrence et al., 
2018).  These  data  include  land  use  information  (Hurtt  et  al.,  2020),  PFT 
distribution maps (P. J. Lawrence & Chase, 2007), soil texture (IGBP, 2000), and 
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slope  and  elevation  information  (Earth  Resources  Observation  And  Science 
(EROS) Center, 2017).

The CLM5–BGC needs initial conditions for the carbon pools. For that reason, a 
spin-up workflow is necessary to bring the carbon pools and fluxes of carbon to a 
steady state before starting with production simulations. The spin-up method 
consists of two steps. First, an accelerated decomposition simulation step, where 
carbon pools are artificially minimized. Second, a conventional simulation step, 
growing the carbon pools to the desired equilibrium state. During both spin-up 
steps, the atmospheric forcing from 1995 to 2012 was cycled (i.e., a cycling period 
of 18 years). The progress towards a steady state is monitored by assessing the 
difference in total carbon fixed in the ecosystem between a selected year within 
the last 18-year cycling period and the same year in the previous cycling period. 
Ctot,y is the total ecosystem carbon (including vegetation and soil) in the year y, 
and Ctot,y-t is the complete ecosystem carbon in the year y−t. A grid cell's carbon 
pools are in carbon equilibrium if the following is fulfilled:

ΔC tot

t
<1  g  C  m2  yr -1 (4.6)

The following conditions define the final steady state on the continental scale.

1. A total of 97 % of the grid cells (and the total area) is in equilibrium.

2. The change in continental ecosystem carbon across the continent is lower 
than 2 Tg C yr−1 for the three preceding cycle periods.

The soil organic matter carbon pools in high northern latitudes were the slowest 
to reach equilibrium, which was reached after just about 1500 simulation years.

After the spin-up, we conducted a 24-year (1995 until 2018) transient simulation 
starting with the initial conditions established by the spin-up. We output the 
simulated variables from two model levels for the analyses.

1. CLM5PFT. This is the model's native resolution of vegetation-related states 
and  fluxes  calculation.  Using  output  at  this  level  (not  the  default 
configuration)  allows for  multiple  time series  per  grid  cell,  with  each 
corresponding to a single PFT. This enables a selection of modeled data as 
needed.  For  instance,  when comparing model  data  to  ecosystem level 
measurements,  CLM5PFT relates  to  the  simulated  time  series  of  the 
corresponding  PFT,  resulting  in  an  adequate  assessment  of  model 
functions.  When  comparing  to  in  situ  observations,  we  will  refer  to 
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CLM5PFT when we subset the ICOS site location and the agreeing PFT 
from the CLM5 data.

2. CLM5grid. The grid cell level output aggregates the PFT and the other tiles 
(i.e., croplands, urban areas, and lakes) that compose the grid cell area. 
Consequently, these data do not relate to a single functional type. Instead, 
it informs us about the average state and fluxes in the grid cell area. In this 
study, CLM5grid designates CLM5 data extracted from the grid cell closest 
to the station's location.

4.2.2 Evaluation data

Station data
As  ground  truth  data  in  the  comparisons,  we  used  the  ICOS  research 
infrastructure, which has a station observation network spanning 14 European 
countries (Heiskanen et al., 2022). Each station has at least one eddy covariance 
measurement  tower  and  incorporates  a  processing  workflow  following  a 
standardized protocol. We use the curated data, the Warm Winter 2020 data set 
(Warm Winter 2020 Team & ICOS Ecosystem Thematic Centre, 2022), which 
consists of homogenized variable time series following the ONEFlux data pipeline 
(Pastorello et al., 2020). The ICOS Warm Winter 2020 data have measurements of 
73 stations totaling over 800 station years (available years are station-dependent) 
corresponding to multiple land cover types (see  Figure 4.1 for a map with the 
station locations and  Table   for more information on the available years per 
station). Note that the land cover type indicated by the ICOS site metadata and 
represented in the measurements refers to the predominant PFT in the footprint 
of the eddy covariance station. We omitted the stations over wetland and mixed 
forest land cover types to ensure a coherent analysis because no PFT counterpart 
is implemented in CLM5PFT. Also, shrub PFTs were not included in our analyses 
because there were insufficient shrubland sites in the ICOS data to support a 
robust evaluation. The analyses also excluded stations whose land cover type was 
not included in metadata sites (e.g., DEIMS-SDR at https://deims.org, last access: 
20 February 2024), leaving a total of 42 stations for our analyses. Because the land 
cover types from the selected sites correspond well with PFTs in CLM5, we will 
also refer to them as PFTs.

The processing workflow of the Warm Winter 2020 data extracts daily time series 
for GPP, partitioned from the net ecosystem exchange (NEE), using the nighttime 
method and a dependence on a variable friction velocity threshold (in g C d−1; 
GPP_NT_VUT_REF). We retained negative GPP values in these data, which stem 
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from the uncertainty in the NEE measurements and partitioning method, to avoid 
introducing bias into the GPP distributions (Pastorello et al., 2020; Reichstein et 
al., 2012). For the ET evaluation, we also extracted the gap-filled latent heat flux 
(W m−2;  LE_F_MDS).  Importantly,  we  verified  our  results  by  checking  for 
inconsistencies  in  the  analysis  of  ICOS  NEE  (NEE_VUT_REF),  ecosystem 
respiration (RECO_NT_VUT_REF),  and energy-balance-corrected latent  heat 
flux (LE_CORR).

The conversion of latent heat (W m−2) into ET (mm d−1) is achieved by multiplying 
with the factor 0.035, assuming a constant enthalpy of vaporization decoupled 
from temperature because variable enthalpy has a negligible effect on the overall 
outcome of the conversion.

Last, we use the leaf area index (LAI) from the ICOS archive final quality data set 
(ETC L2 Archive). LAI is measured but only sparsely available, starting from 2017, 
and thus only has 2 years intersecting with our study period (2017 and 2018). 
Furthermore, the data within this intersection period are only available for a 
smaller number (in relation to the eddy covariance (EC) data above) at evergreen 
needleleaf forest and cropland sites. Therefore, we do not include the analysis in 
the main text but include these results only in the Appendix for the context of the 
main analyses of ET and GPP.

Remote sensing and reanalysis data
To assess the CLM5 performance in the context of additional complementary 
data  products,  we include  remotely  sensed GPP data  from the  Global  Land 
Surface Satellite (GLASS; Liang et al., 2021). The GLASS GPP product uses the 
Moderate Resolution Imaging Spectroradiometer (MODIS) and Advanced Very 
High  Resolution  Radiometer  (AVHRR)  sensors  and  the  revised  light  use 
efficiency (LUE) model (Zheng et al., 2020) in eight-times-daily resolution in time 
and 0.05° resolution in space. We also compare the CLM5 outputs with GLASS 
ET data, which apply a multi-model ensemble (e.g., MODIS-ET and remote-
sensing Penman–Monteith ET) to remote-sensing information to estimate eight-
times-daily latent heat on a 0.05° grid. We convert latent heat to ET, as described 
above. Similarly, MODIS-derived GLASS LAI data (Ma & Liang, 2022) are used in 
this study to provide context to the ET and GPP analyses (same 0.05° grid and 
eight-times-daily resolution).

Last, we use LAI and ET reanalysis data for evaluation, which fuse observations 
and models. They are the European Center for Medium-Range Weather Forecasts 
Reanalysis 5 – Land product (ERA5L; Copernicus Climate Change Service, 2019), 
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which has a spatial resolution of 0.1° and hourly temporal resolution, and the 
Global Land Evaporation Amsterdam Model (only ET; GLEAM version 3.5a; 
Martens et al., 2017), which has a spatial resolution of 0.25° and daily temporal 
resolution.

4.2.3 Data processing

First, the remote-sensing and reanalysis data are bilinearly remapped to the 3 km 
European CORDEX grid and interpolated to eight-times-daily means for 1995–
2018.  The  ICOS observation  time series  are  interpolated  to  eight-times-daily 
means for each station whose data availability overlaps with our study period. 
Then, we extracted the CLM5grid, GLASS, ERA5L, and GLEAM data from the 
grid cell closest to the location of each selected ICOS station. Furthermore, we 
select the time series in CLM5PFT that coincides with that grid cell and the station's 
predominant PFT. Importantly, we focus only on the four predominant PFTs 
represented in the entire ICOS station network, namely evergreen needleleaf 
forest (ENF), deciduous broadleaf forest (DBF), grasslands (GRA), and croplands 
(CRO), as outlined in  Table 4.1. Finally, the periods for which station data are 
absent or of bad quality (determined by the corresponding measurement or gap-
filling quality flag in the ICOS data) are discarded from the simulations to ensure 
we are comparing the same set of conditions.

Table 4.1:  The predominant plant functional types (PFTs) in the Integrated Carbon Observation System 
(ICOS) WARM-WINTER-2020 observation dataset  that  correspond with the  International  Geosphere–
Biosphere  Programme  (IGBP)  land  cover  classifications,  the  number  of  corresponding  sites,  and  the 
accordant PFTs in the European Community Land Model v5 (CLM5) setup.

ICOS IGBP PFT # of 
Stations Corresponding CLM5 PFT

Evergreen needleleaf forest 
(ENF) 18 Needleleaf evergreen tree – temperate

Needleleaf evergreen tree - boreal

Deciduous Broadleaf forest 
(DBF) 8

Broadleaf deciduous tree – tropical
Broadleaf deciduous tree – temperate

Broadleaf deciduous tree – boreal

Grasslands (GRA) 8
C3 arctic grass

C3 grass
C4 grass

Croplands (CRO) 8 C3 Unmanaged Rainfed Crop
C3 Unmanaged Irrigated Crop
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The  ICOS  observations  were  also  interpolated  to  eight-times-daily  means, 
encompassing a timescale with significant variability in ecosystem processes (De 
Pue et al., 2023), to match the coarsest time resolution of other data sets (i.e., 
GLASS remote sensing) and thus to facilitate comparison of processes at the same 
scale. For a consistent comparison, the analyses only account for time steps for 
which valid values are present for all data sources. We evaluate the data for each 
variable over each station and groups of stations with the same PFT.

4.2.4 Analyses

Yearly evolution and statistical distributions
We calculate ET and GPP PFT-specific phenology (mean sub-annual dynamics), 
resulting in day-of-year (DOY) plots. This is done by averaging the same eight-
times-daily time step across years for each site and calculating the mean and 
standard deviation of site-specific DOY belonging to one PFT.

Furthermore, we determined the statistical distributions as probability density 
functions  resulting  from  the  Gaussian  kernel  density  estimate  (Scott,  1992). 
Subsequently, the distribution moments (mean, variance, skewness, and excess 
kurtosis) are calculated. The distributions and their moments are based on all 
eight-times-daily values corresponding to one PFT for each data source. The 
uncertainties in the distribution moments are calculated based on Harding et al., 
2014.

Shift in phenological events
The three analyzed phenological events of ET and GPP – the start of the growing 
season, the peak, and the end of the growing season – are determined for each 
PFT group and data source as the average DOY of the event among the stations 
and available years within that PFT group for each variable. The eight-times-
daily  time  series  of  each  variable  was  first  smoothed  with  a  1-dimensional 
Gaussian  filter  to  rule  out  potential  errors  due  to  small-scale  variability  and 
dampen the effect of potential outliers. More specifically, the peak timing is the 
mean DOY of the overall maxima of the smoothed averaged yearly evolution 
across stations for each PFT and data source. The start and the end of the growing 
season were determined by the mean DOY of the two infliction points (N. Li et 
al., 2023; Lian et al., 2020; Whitcraft et al., 2015) of the smoothed yearly averaged 
evolution across stations for each PFT and data source. The shift in these events 
is simply the difference in the determined mean PFT-specific DOY between the 
models and the observations. As a measure of uncertainty in the mean PFT-
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specific DOY, we also calculate the standard deviation of the DOY of the events 
across stations in each PFT group.

Performance metrics
The percent bias (PBIAS) measures systematic model error and is calculated as 
follows:

PBIAS=
∑
i=1

n

X S ,i - XO ,i

∑
i=1

n

XO ,i

(4.7)

Where n is the number of time steps, XS,I is the simulated value of the variable X 
at the time i, and XO,i is the observed value of the variable X at the time i. If the 
PBIAS for variable X is positive then the model overestimates; if it is negative, it 
underestimates the observed variable  X. In our analysis,  Xi is the interpolated 
eight-times-daily mean.

Furthermore, we estimated the root mean square error (RMSE) to indicate model 
accuracy and the root mean square difference (RMSD) to indicate similarity. 
RMSE and RMSD are calculated the same. However, the term “error” assumes 
the truthfulness of the reference data. Hence, we use the RMSD when comparing 
data only between models.

RMSE=RMSD=√∑i=1
n

(X S ,i - XO ,i )
2

n

(4.8)

A RMSE close to zero indicates that the model approximates the observations 
nicely. Similarly, a low RMSD reveals a high similarity between the two analyzed 
series. We calculate these metrics on a per-station basis and a set of stations 
belonging to the same PFT.

Modified Taylor diagrams
The Taylor diagram (Taylor, 2001) depicts multiple model performance indices in 
a single diagram by making use of the relationship of the calculation terms of the 
standard  deviation,  correlation,  and  RMSE.  Their  relationship  can  be 
summarized in the following equation of error propagation:

RMSE2=σO
2  σ S

2  2σO  σ S  r (4.9)

Where  σO is  the  standard  deviation  of  the  observations,  σS is  the  standard 
deviation of the simulation, and  r is  the Pearson correlation coefficient.  The 
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multi-variate  diagram  can  be  constructed  due  to  the  geometric  relationship 
between these statistical indices through the law of cosines. Thereby, plotting the 
calculated Pearson correlation against the standard deviation of the models and 
the observation on a trigonometric polar plane, the RMSE manifests as the polar 
Euclidean distance from the reference observations. We calculate the standard 
deviation and the Pearson correlation on the PFT-grouped stacked time series 
and plot these for  e for each data source on one Taylor diagram per PFT. We 
modify the default Taylor diagram by scaling each marker's size by the absolute 
PBIAS for the corresponding source and PFT.

4.3 Results

4.3.1 Land surface representation

Figure  4.1: The share of represented plant functional types (by color: Evergreen Needleleaf Forest (ENF, 
green), Deciduous Broadleaf Forest (DBF, orange), Grasslands (GRA, purple), and Croplands (CRO, pink)) 
in a) in the ICOS station network used in subsequent analyses and b) in the corresponding grid cells in our  
European CLM5 setup. In c) is a map showing the locations of the ICOS stations, with the marker type 
indicating their PFT and the color of the marker indicating their hydro-climate (adapted from Jafari et al., 
2018) based on the mean annual precipitation from the Consortium for Small-Scale Modeling (COSMO) 
-Reanalysis 6. Our 3 km European CLM5 simulation domain corresponds to the entire map box in c).

Before evaluating the GPP and ET variables  from CLM5 and how they are 
compared with observations, we first assess if the PFT composition of the entire 
ICOS station network is comparable to the PFT composition in the respective 
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cells  selected  in  CLM5grid.  This  is  important  as  GPP  and  ET  magnitudes, 
variability, seasonality, drought responses, and trends strongly depend on the 
present vegetation type. In Figure 4.1, we observe that ENF, the PFT of almost 
half  of  the  present  ICOS  stations,  represents  only  around  a  quarter  of  the 
corresponding CLM5grid area. DBF also covers a smaller share of the area in those 
grid cells than in the ICOS station network. On the other hand, GRA and CRO 
are  overrepresented  in  CLM5grid compared  to  the  share  of  respective  ICOS 
stations.  Consequently,  when  comparing  with  the  ICOS  observations,  the 
selected  data  from  CLM5grid data  are,  on  average,  over-representing  the 
functionality of GRA and CRO and underrepresenting ENF and DBF, which 
hampers the evaluation of CLM5grid with in situ ET and GPP. Hence, we also 
included  the  respective  CLM5PFT GPP  and  ET  in  the  subsequent  analysis, 
enabling an accurate assessment of the functionality and relationships between 
PFT in the model. Additionally, we assess the similarities and differences between 
the  two model  scales,  CLMgrid and  CLMPFT,  and their  approximation to  the 
observations.

4.3.2 General model performance

This section presents model performance indices correlation, RMSE, and 
PBIAS, comparing each model's ET and GPP estimates with measurements 
from the ICOS sites. We compared the RMSE and PBIAS on a per-site basis 
(Table B.2 and Table B.3), which yielded good results for most sites. The focus 
of this study, though, is the performance of PFT aggregations through 
combining data from sites that belong to the same PFT.

Figure 4.2 shows modified Taylor plots visualizing the performance indices of the 
model ET against observations for each PFT. For more specific information, 
Table B.4 lists the number of ET eight-times-daily time steps that went into 
calculating these indices and their values. For ENF, all of the models indicate a 
correlation of around 0.8 with the ICOS observations, and CLM5grid, CLM5PFT, 
and GLEAM have a similar variability to ICOS. CLM5PFT has a higher absolute 
RMSE and a smaller absolute PBIAS than CLM5grid for ET across PFTs, except 
in CRO. Notably, the systematic bias in CLM5 is generally negative, with the same 
exception. On the other hand, ERA5L, GLASS, and GLEAM exhibit a generally 
positive  systematic  bias  for  ET.  ERA5L  and  GLASS  show  more  significant 
deviations from the ICOS ET observations at ENF and DBF than CLM5PFT and 
CLMgrid but have smaller RMSE values at GRA and CRO. GLEAM has generally 
low RMSEs and performs best among the models simulating ET at ENF and 
CRO. The most considerable systematic ET biases are found for ERA5L at CRO 
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and DBF sites, followed by GLASS for the same PFTs. The low absolute PBIAS 
of CLM5PFT across all PFTs and the lower correlation than the other model data 
at GRA and CRO points to potentially missing or simplistic representations of 
ecohydrological processes or management. Besides, all models approximate the 
ICOS ET observations fairly well,  with correlations mostly over 0.8 but with 
partly high systematic biases by ERA5L at DBF and CRO sites.

Figure 4.2: Modified Taylor diagrams with observations from the Integrated Carbon Observation System 
(ICOS) of evapotranspiration as reference (black markers) and showing model performances between the 
years 1996 – 2018 (years varying by station; see Table B.1. Data sources by color: Community Land Model v5 
(CLM5), CLM5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green, European Center 
for Medium-Range Weather Forecasts Reanalysis 5 – Land (ERA5L): brown, Global Land Evaporation 
Amsterdam Model (GLEAM): purple). Each diagram shows these plots for one plant functional type. Upper 
left: Evergreen Needleleaf Forest (ENF, circles), upper right: Deciduous Broadleaf Forest (DBF, triangles),  
lower left:  Grasslands (GRA, squares),  and lower  right:  Croplands  (CRO, crosses).  The azimuth angle 
indicates the Pearson correlation with the ICOS data, the radial distance is the standard deviation, and the 
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semicircles centered at the reference standard deviation show the root mean square error (RMSE). The size  
of each marker indicates the percent bias (PBIAS).

Figure 4.3: Modified Taylor diagrams with observations from the Integrated Carbon Observation System 
(ICOS) of gross primary production as reference (black markers) and showing model performances between 
the years 1996 – 2018 (years varying by station; see Table B.1. For colors, labels, and acronyms, refer to Figure
4.2.

In  Figure 4.3, we show modified Taylor diagrams with the GPP performance 
indices of the models against the ICOS observations for each of the selected PFTs. 
For more specific information,  Table B.5 lists the number of GPP eight-times-
daily  time  steps  that  went  into  calculating  these  indices  and  their  values. 
CLM5PFT performed  better  than  CLM5grid in  approximating  the  ICOS  GPP 
observations at DBF sites, showing a higher correlation and lower RMSE and 
GRA sites. Conversely, CLM5grid is closer to the observations for ENF and CRO 
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PFTs. The GLASS data show the lowest GPP RMSEs and highest correlation 
values concerning ICOS measurements across all PFTs. All models approximated 
the ICOS GPP best (lowest RMSE) at ENF, and the worst performance was at 
CRO  sites.  Furthermore,  all  models  exhibit  a  negative,  systematic  bias  in 
simulating the observed GPP across all PFTs. Especially at DBF and GRA PFTs, 
CLM5grid, CLM5PFT, and GLASS show large systematic underestimations of the 
measurements. CLM5PFT has a notably small PBIAS related to the ICOS data for 
ENF and CRO sites. Especially at CRO sites, all models showcase comparatively 
low correlation values (<0.7). While the correlation is high (>0.75) for all models 
at DBF and GRA sites, especially for CLM5PFT and GLASS at DBF sites (0.93 and 
0.92),  the high PBIAS hints that modeled data do not incorporate important 
processes or management practices that cause to the high carbon uptake at DBF 
sites over the long term. Because of the slowly evolving carbon states in the 
terrestrial ecosystems, the initial conditions of the carbon pools (e.g., soil organic 
matter and carbon in plant organs in the vegetation) could be a cause for the 
difference in the magnitude of the GPP.

4.3.3 PFT phenology and its variability

ET
This  section describes  the  results  of  the  investigation on the  mean and the 
standard deviation of the yearly evolution of ET across PFTs and data sources 
(Figure 4.4a, c, e, g). We will analyze the ET mean and standard deviation for 
each PFT sequentially. On average, the annual evolution of ET for CLM5grid and 
CLM5PFT compares well to the ICOS measurements, as already hinted by the good 
correlation  values  in  the  previous  section.  They  also  capture  the  observed 
seasonal transitions between low winter ET and high summer ET well. Except 
for  CRO sites,  CLM5grid and  CLM5PFT ET are  slightly  lower  than the  ICOS 
observations throughout the year but especially in summer (mean PBIAS of 
−13.08 %  and  −18.70 %,  respectively;  see  Table  B.4).  ERA5L  and  GLASS 
overestimate ET at sites of all PFTs, most predominantly in the ENF and DBF 
sites and during summer (mean PBIAS of +28.64 % and +18.25 %, respectively). 
The magnitude of variation across sites within each PFT (Figure 4.4b, d, f, h) is 
captured well, generally showing smaller variations at DBF and CRO sites and 
larger variations at ENF and GRA. Some specific aspects of this variation across 
sites are captured best by CLM5PFT. The bimodality of the intra-station variation 
at GRA sites is seen across the year (Figure 4.4f), and the peak variability across 
stations at CRO sites is seen in the second half of the year (Figure 4.4h). This 
exhibits the ability of CLM5PFT to differentiate ET between stations and the PFTs 
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better than CLM5grid and the other models. The GLASS ET variability across 
stations compares  remarkably well  to  the observed across  ENF at  DBF sites 
(Figure 4.4b and d).

Figure 4.4: In the left column are the yearly evapotranspiration (ET) evolutions averaged across stations 
belonging to one plant functional type (rows: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf  
Forest (DBF), Grasslands (GRA), and Croplands (CRO)) and across the years (available years vary per 
station, see Table B.1). We differentiate the data source by color (Integrated Carbon Observation System 
(ICOS) observations: black, Community Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global 
Land Surface Satellite (GLASS): green, European Center for Medium-Range Weather Forecasting Reanalysis 
5  –  Land  (ERA5L):  brown,  Global  Land  Evaporation  Amsterdam  Model  (GLEAM):  purple).  The 
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corresponding standard deviations across the sites and across the years are plotted in the right column to  
measure the spread around this mean.

Figure 4.5: Mean shifts in ET phenological events (the start of the growing season, peak, and the end of the 
growing season) between the Integrated Carbon Observation System (ICOS) observations (solid black line) 
and the models (by color: Community Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global Land 
Surface Satellite (GLASS): green, European Center for Medium-Range Weather Forecasts Reanalysis 5 Land 
(ERA5L): brown, Global Land Evaporation Amsterdam Model (GLEAM): purple), among sites belonging 
to  one  plant  functional  type:  Evergreen  Needleleaf  Forest  (ENF),  Deciduous  Broadleaf  Forest  (DBF), 
Grasslands (GRA), and Croplands (CRO). On the x-axis is the day of the year of the event. Error bars in grey 
correspond to the standard deviation of the day of the event in the models across sites of one plant functional 
type, and the error bars in black correspond to the standard deviation across the respective observations.

Figure 4.5 reveals the shift in the timings of key phenological events based on ET 
(growing season start, summer peak, and growing season end) between each 
model and the ICOS observations. Generally, for ENF and DBF sites (Figure 4.5a, 
b), all models show the earlier occurrence, and at CRO (Figure 4.5d), they show 
a later occurrence of these phenological events than the measurements. CLM5PFT 

has the mean timing of the events within the standard deviation of the ICOS 
timing across all PFTs. However, it shows a substantial variability, larger than 
observed in the event timings across GRA sites. Similarly, GLASS and CLM5grid 

show close approximations to the observed timings but simulate all these events 
significantly earlier at DBF sites and significantly later at CRO sites, with little 
variation in the timings across sites. The ERA5L and GLEAM data exhibit a much 
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earlier growing season start (24 and 20 d earlier) and summer peak (16 and 12 d 
earlier, respectively) than observed by ICOS at GRA sites.

GPP

Figure 4.6: In the left column are the yearly Gross Primary Production (GPP) evolutions averaged across  
stations belonging to  one plant  functional  type (rows:  Evergreen Needleleaf  Forest  (ENF),  Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO)) and across the years (available years vary 
per station; see Table B.1). We differentiate the data source by color (Integrated Carbon Observation System 
(ICOS) observations: black, Community Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global 
Land Surface Satellite (GLASS): green). The corresponding standard deviations across the sites and across  
the years are plotted in the right column to measure the spread around this mean.
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The GPP values of all PFTs show a summer peak and a low period in winter 
(Figure 4.6). The negative values present in the ICOS measurements are caused 
by  the  processing  of  the  measurements  by  ICOS  and  are,  therefore,  not 
represented by CLM5 or GLASS. Again, a general underestimation of observed 
GPP is  shown across  all  PFTs (Figure  4.6a,  c,  e,  g),  particularly  during the 
summer months from all models. CLM5PFT shows a larger GPP than CLM5grid 

and, therefore, has a lower systematic bias (mean PBIAS across PFTs of −19.61 % 
and −27.65 %; see Table B.5). GLASS GPP is closer to the ICOS GPP at ENF, DBF, 
and GRA and has the lowest  mean PBIAS across PFTs of  −16.67.  The most 
substantial underestimations are at DBF during summer (Figure 4.6c), where 
CLM5grid and CLM5PFT have a PBIAS of  −38.88 % and −43.76 %, and GLASS 
−24.52 %. The GPP variability across sites is, similar to ET, the lowest at DBF sites. 
Notably, GLASS remote-sensing GPP underestimates the variability among sites 
of one PFT substantially throughout the year at GRA and CRO sites (Figure 4.6f, 
h). The observed variability dynamics across the year, e.g., the bimodality at GRA 
sites (Figure 4.6f) that was also visible for ET, is  captured best by CLM5PFT. 
However, not all models capture the behavior of CRO GPP inter-site variability 
(Figure 4.6h). This supports the suspicion of the influence of management and 
missing processes in CRO in the models,  possibly concerning the timings of 
planting, fertilizing, and harvesting the crops as the cause of these mismatches. 
The overall negative systematic bias in the models points at potentially missing 
sensitivities to or lower levels of, e.g., atmospheric CO2 and vapour pressure deficit 
(VPD) that have been recently found to increase the water use efficiency and 
carbon assimilation (Friedlingstein et al., 2023; Poppe Terán et al., 2023).
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Figure 4.7: Mean shifts in GPP phenological events (the start of the growing season, peak, and the end of  
the growing season) between the Integrated Carbon Observation System (ICOS) observations (solid black 
line) and the models (by color: Community Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global 
Land Surface Satellite (GLASS): green), among sites belonging to one plant functional type: Evergreen 
Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO). On 
the x-axis is the day of the year of the event. Error bars in grey correspond to the standard deviation of the  
day of the event in the models across sites of one plant functional type, and the error bars in black correspond 
to the standard deviation of the respective observations.

Shifts in phenological events between the observations and the models are already 
noticeable in Figure 4.6 but are quantified and visualized in detail in Figure 4.7. 
CLM5PFT and CLM5grid predominantly simulate the timing of these events within 
the standard deviation across ICOS stations for each PFT. In the GLASS GPP 
data, the events are shifted further from the measurements, most notably at DBF 
sites (16 d earlier growing season start and 11 d earlier summer peak) and at CRO 
sites (22 d belated peak and 45 d belated end of the growing season). Generally, in 
both CLM5 scales, the shifts to the ICOS observations were the largest in CRO. 
Similar to the ET event timings, CLM5PFT shows the largest variation in these 
timings  among  the  models,  especially  at  GRA  sites,  and  also  considerable 
differences in the timing of the growing season end of ENF sites. These findings 
confirm  the  ability  of  CLM5PFT to  approximate  PFT-specific  variation  in 
ecosystem processes, but the contrasting results of the model performance indices 
will be further reviewed in section 4.4.
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4.3.4 Statistical distributions

ET

Figure 4.8: The probability density curves for all evapotranspiration (ET) values from stations belonging to 
the selected plant functional types: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), 
Grasslands (GRA), and Croplands (CRO). The data source differs by color (Integrated Carbon Observation 
System (ICOS) observations: black, Community Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, 
Global Land Surface Satellite (GLASS): green, European Center for Medium-Range Weather Forecasts 
Reanalysis 5 Land (ERA5L): brown, Global Land Evaporation Amsterdam Model (GLEAM): purple).

In this section, we describe the results of the statistical distributions of ET in the 
model and the observations for each PFT. Then, we give more details on the 
moments of these distributions and how the models compare to the observations. 
Generally, the models approximate well the shape of the distributions (Figure
4.8), with a pronounced peak in the occurrence of positive ET values close to 0 
that  represent  low  winter  values  across  all  PFTs  and,  moreover,  the  slowly 
decreasing frequency of values towards the high ET summer values, which is 
more variable among the models. The variability in the summer peak magnitude 
(see section 4.3.3) among stations of the same PFT causes the ICOS and CLM5 
ET distributions to have only a slightly pronounced second mode at the high 
summer ET values. On the other hand, the ERA5L and GLEAM ET distributions 
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show a very pronounced second mode at the higher ET values for each PFT. This 
hints at the lower variability in the summer peak magnitude among these stations, 
which misrepresents the observed high variation in ICOS.

The  moments  of  these  distributions  give  more  insights  into  their  specific 
characteristics. Furthermore, differences in moments between the observations 
and the models can yield important information on potential misrepresentations 
(Figure 4.9). For example, a differing mean between ICOS and a model points to 
a general shift in the distribution, specifically its center of mass. Therefore, we 
confirm a shift in ET distributions of ERA5L, GLASS, and GLEAM towards 
higher values for all PFTs in reference to ICOS. CLM5grid and CLM5PFT have lower 
means, except for CLM5PFT at CRO. The second moment, the variance, informs 
us about  the variability  in values.  Notably,  GLEAM data underestimate,  and 
GLASS data overestimate, the observed variability in ET at all PFTs. CLM5PFT has 
a broad range of variability across PFTs, which corresponds well  with ICOS 
observations, while CLM5grid and the other models show a very similar level of 
variability independent of the PFT. All models agree with the observed positive 
sign of the skewness (indicating a longer right tail of the distribution) for all PFTs. 
And while all the models simulate a platykurtic (negative excess kurtosis and 
pronounced relative tail) characteristic of the distributions across PFTs, ICOS 
shows a leptokurtic (positive excess kurtosis, less pronounced tails, and more 
pronounced peak) behavior at ENF and CRO sites. Furthermore, the variation in 
the reach model's skewnesses and kurtoses (y-axis ranges for each color in Figure
4.9c and d)  across  the PFTs is  considerably  lower than the observed ranges 
(corresponding x-axis ranges). Altogether, these findings showcase the ability of 
CLM5PFT to  model  intra-  and  inter-PFT ET variance  better  than  the  other 
considered models, on the one hand, but also showcase the shortcomings of all 
the considered models in representing the variation in the extreme ends of the 
ET distributions across all PFTs on the other hand.
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Figure 4.9: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the evapotranspiration (ET) 
distributions (visualized in Figure 4.8) from the models (y-axis, colors: Community Land Model v5 (CLM5), 
CLM5grid:  red,  CLM5PFT:  yellow,  Global  Land  Surface  Satellite  (GLASS):  green,  European  Center  for 
Medium-Range  Weather  Forecasts  Reanalysis  5  Land  (ERA5L):  brown,  Global  Land  Evaporation 
Amsterdam Model (GLEAM): purple), as opposed to the corresponding values from observations (x-axis) 
aggregated for each plant functional type (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.

The  moments  of  these  distributions  give  more  insights  into  their  specific 
characteristics. Furthermore, differences in moments between the observations 
and the models can yield important information on potential misrepresentations 
(Figure 4.9). For example, a differing mean between ICOS and a model points to 
a general shift in the distribution, specifically its center of mass. Therefore, we 
confirm a shift in ET distributions of ERA5L, GLASS, and GLEAM towards 
higher values for all PFTs in reference to ICOS. CLM5grid and CLM5PFT have lower 
means, except for CLM5PFT at CRO. The second moment, the variance, informs 
us about  the variability  in values.  Notably,  GLEAM data underestimate,  and 
GLASS data overestimate, the observed variability in ET at all PFTs. CLM5PFT has 



Chapter 4: Systematic underestimation of type-specific ecosystem process variability in CLM5 over Europe

101

a broad range of variability across PFTs, which corresponds well  with ICOS 
observations, while CLM5grid and the other models show a very similar level of 
variability independent of the PFT. All models agree with the observed positive 
sign of the skewness (indicating a longer right tail of the distribution) for all PFTs. 
And while all the models simulate a platykurtic (negative excess kurtosis and 
pronounced relative tail) characteristic of the distributions across PFTs, ICOS 
shows a leptokurtic (positive excess kurtosis, less pronounced tails, and more 
pronounced peak) behavior at ENF and CRO sites. Furthermore, the variation in 
the reach model's skewnesses and kurtoses (y-axis ranges for each color in Figure
4.9c and d)  across  the PFTs is  considerably  lower than the observed ranges 
(corresponding x-axis ranges). Altogether, these findings showcase the ability of 
CLM5PFT to  model  intra-  and  inter-PFT ET variance  better  than  the  other 
considered models, on the one hand, but also showcase the shortcomings of all 
the considered models in representing the variation in the extreme ends of the 
ET distributions across all PFTs on the other hand.

GPP
We  continue  to  delineate  the  results  of  the  same  analyses  for  the  GPP 
distributions and their moments (Figure 4.10). The frequency peaks at the low 
GPP values, which correspond to the base winter GPP, are overestimated by all 
models at ENF, DBF, and GRA. This could partly be explained by negative GPP 
values in the ICOS data, which the models do not represent. By definition, there 
is  no  negative  GPP.  However,  these  negative  values  are  given  through  the 
uncertainty range of the NEE partitioning method and are retained in the analysis 
to preserve the partitioning distribution (Pastorello et al., 2020; Reichstein et al., 
2012). This is probably related to underestimating the observed winter GPP in 
ENF and GRA sites seen in  Figure 4.6a and e. Another striking finding is the 
missing occurrence of the highest observed GPP values in the models at all PFTs, 
but most noticeable at DBF sites, where the upper-half range of GPP values (>12 g 
C d−1) is not represented in any model. The overrepresented mid-range GPP values 
and the partly pronounced second modes in the mid-range GPP values across 
PFTs are possibly caused by the low summer peaks and low variability across sites 
(see Figure 4.6).

The models show lower GPP means than the ICOS measurements for all PFTs 
in Figure 4.11a. Similarly, for all models across all PFTs, the underestimated GPP 
variance indicates a lower spread of the PFT distributions than in ICOS. While 
models agree on the positive skewness of the GPP distribution (skewed to the 
left), the largest skewness at CRO sites is not well represented by all the models. 
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Finally, similar to the findings with ET kurtosis, the models fail to distinguish the 
distinct  leptokurtic  characteristics  (tails  that  are  less  heavy)  of  the  GPP 
distribution of CRO sites compared to the other PFTs, as seen in the observations. 
Across PFTs and for all models, the ranges spanned by the intra-PFT distribution 
moments are smaller than those observed. Most strikingly, the GPP variance 
range across PFTs, which is, among the models, the largest for CLM5PFT (between 
8 and 12 g C d−1), is much smaller than for ICOS (11 to 27 g C d−1). This suggests the 
models do not simulate GPP differently enough between the PFT groupings. 
Thus,  model  development  and  parameter  optimization  studies  that  aim  to 
improve these representations should focus on enhancing the variability in DBF.

Figure  4.10: The probability density curves for all Gross Primary Production (GPP) values from stations 
belonging to the selected plant functional types are shown: Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The data source differs by color (Integrated 
Carbon Observation System (ICOS) observations: black, Community Land Model v5 (CLM5), CLM5grid: red, 
CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green).
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Figure 4.11: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the gross primary production 
(GPP) distributions (visualized in Figure 4.10) from the models (y-axis, colors: Community Land Model v5 
(CLM5), CLM5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green), as opposed to the 
corresponding values from observations (x-axis) aggregated for each plant functional type (marker type): 
Evergreen Needleleaf  Forest  (ENF),  Deciduous  Broadleaf  Forest  (DBF),  Grasslands  (GRA),  Croplands 
(CRO). The error bars are the standard errors of the respective moment, depending on the sample size.

4.3.5 The inter-site similarity of PFT-groups

To support the interpretations of our findings, we quantify the similarity of ET 
and GPP across sites of the same PFT and compare the differences between the 
models and the observations. In this section, we analyze the mean RMSD of each 
PFT per ET and GPP data sources. A low RMSD indicates that the stations 
corresponding to one PFT are similar, while a high RMSD hints at a greater 
diversity within the PFT. By comparing the mean RMSD per PFT for ET and 
GPP across data sources, we can evaluate how much diversity is captured in the 
data of a particular PFT in the observations and models. The standard deviation 
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of the RMSD for each PFT gives information on the spread of the inter-site 
RMSDs within the PFT group around that mean.

Figure  4.12 shows  that  CLM5grid and  GLEAM  have  lower  ET  time  series 
differences between the corresponding sites for all PFTs than ICOS. CLMPFT has 
a lower mean RMSD than CLM5grid among ENF and DBF sites. Both CLM5PFT 

and CLM5grid underestimate the observed diversity of ET at ENF and DBF sites. 
Interestingly, the variation in ERA5L and GLASS ET time series for ENF is higher 
than observed,  and they also  show the  most  significant  variation in  RMSD. 
Meanwhile, the DBF mean RMSD of all models is lower than that of ICOS. 
CLM5PFT shows a higher diversity of ET between GRA sites and CRO sites than 
CLM5grid. The CLM5PFT surpasses the observed mean RMSD for the GRA PFT, 
highlighting  the  potential  to  simulate  GRA sites  variably.  All  other  models 
underestimate it slightly (CLM5grid, ERA5L) or in a more pronounced manner 
(GLASS and GLEAM). Particularly at CRO sites, the ET RMSD of CLM5PFT is 
substantially  higher  than  the  other  models  and  at  a  similar  level  to  ICOS 
observations. In contrast, all other models show significantly lower mean RMSDs 
there. Generally, a higher ET RMSD mean in a PFT group comes with a higher 
spread (higher standard deviation) for all data sources. The RMSD in ET between 
stations is lower for CLM5grid and GLEAM than for ICOS for all PFTs.

Figure 4.13 shows that for GPP, the models generally have a lower mean RMSD 
than ICOS across stations for all PFTs, except for CLM5grid at DBF. CLM5PFT has 
a more diversely simulated ET across ENF, GRA, and CRO sites than CLM5grid. 
Interestingly, the observed magnitude of the RMSD is lowest for DBF and highest 
for  CRO and has  a  more extensive range across PFTs than the models.  For 
example, the RMSDs of ICOS data differ by approximately 1.3 g C d−1 between 
GRA and CRO, while CLM5grid, CLM5PFT, and GLASS indicate similar RMSDs 
for those PFTs. Especially CLM5grid shows a constant within-PFT variability in 
around 1.5 g C d−1 independent of the PFT. Higher mean GPP RMSD values also 
come  with  a  higher  standard  deviation.  These  results  hint  at  a  complex 
relationship of variability representation within the PFTs. The higher RMSE 
values of  CLM5PFT in the general  model  performance analysis  (section  4.3.2) 
suggest that the variation across sites of one PFT seen here does not directly 
translate  to  better  model  performance.  Apart  from  the  magnitude  of  the 
variability, its accurate and proportionate timing is pivotal for enhanced model 
performance.
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Figure 4.12: The bars indicate the mean of the root mean square difference (RMSD) of evapotranspiration 
calculated for sites with the same plant functional type. The error bars are their standard deviation. Low 
values indicate high similarity between the sites, and high values show high dissimilarity. The color of the  
bars differentiates the data source (Integrated Carbon Observation System (ICOS): black, Community Land 
Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green, European 
Center for Medium-Range Weather Forecasts Reanalysis 5 Land (ERA5L): brown, Global Land Evaporation 
Amsterdam Model (GLEAM): purple).
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Figure  4.13:  The bars indicate the mean of the root mean square difference (RMSD) of gross primary 
production calculated for sites  with the same plant  functional  type.  The error  bars  are their  standard 
deviation. Low values indicate high similarity between the sites, and high values show high dissimilarity. The 
color of the bars differentiates the data source (Integrated Carbon Observation System: black, Community  
Land Model v5 (CLM5), CLM5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green).

4.4 Discussion

Our results show that CLM5grid and CLM5PFT approximate the ET observations 
from ICOS better than GLASS remote-sensing and ERA5L reanalysis but worse 
than GLEAM reanalysis. Moreover, especially for CLM5PFT, the systematic error 
in simulating ET is lower than all other evaluated data sets. For GPP, we found 
that CLM5grid and CLM5PFT performed worse than GLASS data, indicated by a 
larger PBIAS and larger RMSE. Surprisingly, CLM5PFT generally had a higher 
RMSE than CLM5grid but, at the same time, a lower PBIAS. Averaged ET and 
GPP phenologies were relatively well simulated but exhibited underestimations 
across all PFTs, especially in DBF, compared to ICOS measurements. CLM5PFT 

better captured the PFT-specific mean and standard deviation of the ET and GPP 
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annual dynamics than CLM5grid and reanalyses and remote-sensing data. The 
GPP and ET distributions analysis showed underestimations of their observed 
variability  for  all  models,  namely  CLM5grid,  CLM5PFT,  GLASS,  ERA5L,  and 
GLEAM. Last, we found that for most PFTs, the modeled and remotely sensed 
data were too similar between stations of the same PFT group compared to the 
ICOS observations.

4.4.1 Uncertainty

Observations
Notably, the EC measurements carry uncertainties that might affect the results of 
this  study,  especially  related  to  the  systematic  errors  in  the  simulations.  For 
instance, EC measurements neglect the energy from large eddies. To check for 
possible inconsistencies, we evaluated the energy-balance-corrected ET (ETcorr) 
from the ICOS sites (Pastorello et al., 2020). This methodology assumes a constant 
Bowen ratio to close the energy imbalance. Simulated ET underestimates ETcorr to 
a greater degree than the non-corrected ICOS ET (Figure B.1 and Figure B.2), 
suggesting a higher systematic error than in the analysis of non-corrected ET. 
Besides that, we discovered the same patterns with the corrected ET, concluding 
that the energy balance error did not introduce significant bias to our results and 
the interpretations. Furthermore, GPP is not directly measured but partitioned 
from  NEE.  The  NEE  partitioning  method  has  an  underlying  uncertainty 
stemming from potentially unfulfilled assumptions that propagate to the GPP and 
ER variables in the ICOS data. So, we also ensured that our results remained 
consistent by evaluating the non-partitioned NEE and the ER variables (Figure
B.3,  Figure  B.4,  Figure  B.5,  and  Figure  B.6).  We  discovered  a  substantial 
underestimation and missing variability in NEE and ER across PFTs in CLM5, 
confirming the systematic underestimation in our analysis of GPP. While we 
believe that our analyses have followed meticulous approaches to ensure robust 
results  by  applying  the  ICOS  quality  flags  and  comparing  these  additional 
variables,  many  studies  still  emphasized  the  biases  arising  from  a  shifting 
footprint with varying wind direction and wind speed and the energy balance 
correction method assuming a constant Bowen ratio (Chu et al., 2021; Eshonkulov 
et al., 2019; Jung et al., 2020). Therefore, we encourage developing and using novel 
and  more  accurate  energy-balance-closure  methods  (W.  Zhang  et  al.,  2024). 
Furthermore, dropping bad-quality gap-filled data from the ET and GPP time 
series might introduce a bias that underrepresents periods of low-friction velocity 
and  atmospheric  inversion  conditions.  Last,  based  on  the  geographical 
distribution of the ICOS station network, the results might misrepresent southern 
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and eastern Europe and semi-arid and arid hydro-climates (Figure 4.1; also read 
Ohnemus et al., 2024). Those factors might have influenced the diversity of ET 
and GPP values and the ranges of their distributions.

Forcing
Importantly, discrepancies between the COSMO Reanalysis used to force the 
European CLM5, and the station observations might introduce deviation into our 
analyses that could hamper interpretations of our results regarding the model 
functionality. While the high-resolution forcing data already include information 
from observations through data assimilation, particular locations and conditions 
might  be  less  well  represented  than  others,  and  a  resulting  bias  in  the 
meteorological  variables  would propagate  to  the simulation of  ET and GPP. 
However,  data  assimilation approaches  minimize  the  systematic  error  in  the 
atmospheric  model  to  the  observations.  Furthermore,  the  probability  and 
potential influence of including a bias from the forcing of a single location is 
lowered by considering multiple sites in the performance and statistics of the 
PFTs. Nevertheless, we assessed the meteorological variables from the COSMO 
Reanalysis  6  (temperature,  shortwave  incoming  radiation,  precipitation,  and 
relative humidity) with the ICOS station data to scrutinize potential errors arising 
from the forcing. We used the same approach for the GPP and ET evaluation 
(Figure B.7 – Figure B.14). We discovered that the forcing variables' average yearly 
dynamics and distributions represent the ICOS observations well. More minor 
yet notable misrepresentations include underestimations of shortwave downward 
radiation and precipitation in summer and relative humidity over GRA and CRO 
sites throughout the year compared to the measurements. This could explain 
some of our analyses' ET and GPP underestimations by CLM5. Notably, the mean 
and variance across the PFTs and their ranking are represented reasonably well 
for all forcing variables compared to our results with GPP and ET. Furthermore, 
the  skewness  and  excess  kurtosis  of  the  forcing  temperature  and  shortwave 
downward  radiation  compare  well  to  the  ones  from  ICOS,  indicating  well-
matching distributions between the COSMO Reanalysis 6 and the observations. 
However, in particular, the higher-degree moments of the distribution are not 
well simulated for precipitation and relative humidity. These characteristics of the 
distributions  affect  the  CLM5  simulations  of  GPP  and  ET and  might  have 
influenced our results. Further considerations, including ensemble simulations 
with perturbed forcings, are required to capture the uncertainty introduced into 
CLM5 fully, but this is beyond the scope of this study.
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Static information and initial conditions
The static surface information, including the soil texture, elevation, aspect, land 
unit, and PFT distributions, affect the simulation of ET and GPP in CLM5. The 
soil texture composition will define how water is stored and conducted in the soil, 
contributing  to  the  evaporation  from  the  soil,  an  essential  ET component. 
Furthermore, the soil texture will influence root water uptake if vegetation is 
present in the soil column, indirectly impacting plants' transpiration, another 
critical ET component. Furthermore, ET is regulated by the available energy, 
which is determined by how the canopy, the elevation, and the aspect of that 
location influence the incoming radiation. Especially the diversity between these 
input variables across the locations of the ICOS stations might have played an 
essential role in the simulation of the PFT-specific ET and GPP distributions.

Last, particularly for CLM5grid, GLASS, GLEAM, and ERA5L, the distribution of 
PFTs across the domain and in the grid cells corresponding to the ICOS stations 
define the equations and parameters that will be used for the calculation of ET 
and GPP. Consequently,  if  the grid cells  corresponding to ICOS stations are 
dominated  by  PFTs  that  do  not  comply  with  the  stations'  footprints,  the 
simulations of specific PFTs in the model are negatively affected. Importantly, 
this does not apply to CLM5PFT because we could select the data that belong to 
the adequate PFT. Therefore, interpretations of our results relating directly to 
vegetation functions implemented in CLM5 are here primarily focusing on the 
CLM5PFT data.

The initial conditions of the carbon cycle, most notably the size of the soil and 
vegetation carbon pools, are another source of uncertainty. Essentially, our spin-
up and production simulations  were  restricted  to  the  years  where  the  high-
resolution forcing was available (1995–2018). The spin-up simulations, therefore, 
recycle atmospheric forcings for a substantial period, which we also use in the 
production  simulations.  Hence,  the  production  simulations  adopted  the 
equilibrium state (incoming carbon equals outgoing carbon) required to conclude 
the spin-up. However, in natural conditions, there was no carbon equilibrium in 
the simulated years. Instead, the carbon cycle experiences dynamic changes, such 
as long-term trends resulting from changing environmental conditions. Many 
European ecosystems exhibited a net carbon uptake, thus acting as a carbon 
sink  (Pilli  et  al.,  2017;  Winkler  et  al.,  2023),  and  were  measured  in  ICOS 
accordingly. The negative long-term mean NEE indicates carbon sources, evident 
across all PFTs in the EC observations (Figure B.4a). On the other hand, the 
simulations show a NEE close to zero for all PFTs, directly showing the effect of 
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the equilibrium state of the land surface in the model. The results of DBF, which 
is the most significant carbon sink in the ICOS data and simultaneously shows 
the largest GPP underestimations by CLM5, underline a potentially important 
role of the carbon equilibrium in our results. Future work will conduct a more 
comprehensive  spin-up  under  conditions  closer  to  a  real-world  carbon 
equilibrium (the 1950s  or  earlier)  and a transition run before the production 
simulations to capture the dynamic trends of the land surface processes. Possibly, 
the bias in the EC measurements towards conditions with low-friction velocity 
and atmospheric inversion might also cause overestimations of GPP and the 
resulting carbon sink in ICOS.

4.4.2 PFT-specific evaluation

While CLM5PFT showed a smaller systematic error than CLMgrid for most PFT 
compared to the observations (lower absolute PBIAS), the ability to approximate 
the observation time series is worse (higher RMSE). A shifting sign in the bias of 
the CLM5PFT data explains these counterintuitive results. The presence of both 
positive and negative bias (in time and across stations) cancels out and yields an 
overall low PBIAS. In summary, we find in the evaluation that the ET time series 
of  CLMPFT are  not  closer  to  observations  than  CLM5grid for  any  PFT,  but 
CLM5PFT generally approximates the ET sum over time better than CLM5grid for 
ENF, DBF, and CRO. However, it is also clear that, on average, the phenology of 
CLM5PFT is closer to the observed than CLM5grid, for instance, for both ET and 
GPP at DBF and GRA sites. Furthermore, the timings of the phenological events 
in CLM5PFT are most often closer to the observed than in CLM5grid. Importantly, 
critical PFT-specific characteristics, like the timing of DBF's steep spring GPP 
increase, are only captured by CLM5PFT and the inter-site variability in ET and 
GPP  throughout  a  standard  year.  This  discrepancy  between  the  evaluation 
metrics and the vegetation phenology suggests that CLM5PFT could better capture 
the  PFT-specific  variability  that  ICOS  observes.  However,  this  variability  is 
modeled in a way that did not contribute to a low RMSE that is, for instance, 
shifted  in  time  or  space,  so  the  averaged  PFT-specific  comparisons  (the 
phenology  and  the  distribution  moments)  compare  better  with  ICOS  than 
CLM5grid. Further evidence of this explanation is that CLM5PFT generally captures 
more variability (higher ET and GPP standard deviation across sites throughout 
the year for ENF, GRA, and CRO and higher variance for each PFT). This ability 
to  capture  more  variability  than  the  other  models,  closer  to  the  observed 
variability, can improve the represented variability in CLM5PFT if  the suitable 
variation can be modeled at the right time and location. This spatiotemporal 
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discrepancy of simulated and observed GPP and ET variability could potentially 
be solved with optimized PFT parameters (Baker et al., 2022; Birch et al., 2021; 
Cheng et al., 2021; Dagon et al., 2020; M. Deng et al., 2021; Fisher et al., 2019).

Several past studies also indicated the underestimation of ET and GPP in CLM5 
compared to observations (Birch et al., 2021; Boas et al., 2023; Cheng et al., 2021; 
Strebel et al., 2023), which we confirm in this study. Parameter improvements 
could also alleviate these general underestimations of GPP and ET across PFTs, 
especially during summer  (Dagon et  al.,  2020).  However,  optimal  parameters 
might vary from site to site  (Lin et al., 2015), even if they have the same PFT. 
Thus,  CLM5  and,  more  generally,  LSMs  that  implement  plant  traits  as 
parameters  on  the  PFT  level  cannot  capture  this  intrinsic  PFT  variability 
resulting from these traits. Although optimized parameters might still reduce the 
bias  on  the  continental  level,  a  more  comprehensive  approach  to  the 
spatiotemporal  variability  in  plant  traits  might  improve  regional  simulations 
drastically (L. D. L. Anderegg et al., 2022; Kattge et al., 2011; Van Bodegom et al., 
2014).

Given the hydraulic role of vegetation leaves in controlling transpiration, there is 
a tight relationship between ET, GPP, and LAI. In CLM5–BGC, the assimilated 
carbon by GPP gets further partitioned to respiration and the carbon storage in 
the plant organs, i.e., leaves, roots, and stems. Furthermore, the leaf carbon then 
controls the development and state of the vegetation leaves and, thus, the LAI. 
On the other hand, LAI controls GPP by determining the upscaling factors from 
leaf  photosynthesis  to  the  canopy,  thereby  driving  canopy  conductance. 
Unfortunately,  no  large-scale  LAI  in  situ  measurements  and  no  CLM5PFT 

simulated  LAI  are  available,  and  comparisons  between  CLM5grid LAI  and 
reanalysis or remote-sensing LAI suffer from known biases in the latter and yield 
no further context for our evaluation based on ground truth information. We 
adhered  to  an  LAI  evaluation  of  CLM5  with  sparse  but  systematic  ICOS 
measurements, ERA5L reanalysis, and GLASS based on MODIS (Figure B.15). 
Notably, the ICOS LAI measurements are only available for 2 years of the study 
period (2017 to 2018) and are limited to ENF and CRO sites. Additionally, LAI 
measurements' expensive and time-intensive nature restricts the time resolution 
to a few yearly measurement points. As a result, the data points for comparison 
are few, and the uncertainties are larger (noticeable larger error bars in Figure
B.15). Another caveat is the potential mismatch of the land surface representation 
between the  EC tower  footprint  (ET and GPP measurements)  and the  area 
covered by the LAI measurement campaigns. However, some key findings from 
this analysis are still robust. For example, all models overestimate LAI at ENF and 
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CRO sites (Figure B.15a), contrasting the results of GPP and ET. The variance in 
ENF sites is much more significant in GLASS and ERA5L than in CLM5grid, which 
is closest to the observations. The higher-order moments are more uncertain 
because of the small number of data points. The contrasting results, especially 
between  the  LAI  and  GPP  PFT level  averages,  suggest  that  processes  and 
parameters connecting the assimilated carbon to the leaf area, depending on the 
environmental conditions, must be revisited. However, we make an even stronger 
case for systematic, long-term, and high-resolution LAI in situ measurements (for 
example, using drones; Bates et al., 2021), which would support a more robust and 
diverse evaluation of the simulations of this essential variable.

4.4.3 Inter-site similarity of PFT groups

For  all  models  (CLM5grid,  CLM5PFT,  ERA5L,  GLASS,  and  GLEAM),  the 
distributions of ET and GPP across PFTs are very similar, which is not the case 
for the observations. This is especially true for their variances (i.e., their spread 
around the mean) but also notable for the means, skewnesses, and kurtoses. We 
expected CLM5PFT to show more significant variability than CLM5grid and the other 
grid scale models because the aggregated mixed-PFT data of the grid cell would 
homogenize the variables and cancel out some of the variability. While CLM5PFT 

shows a more extensive range of variation in ET and GPP across PFTs than 
CLM5grid, ERA5L, GLASS, and GLEAM, it still vastly underestimates the observed 
range of variance by ICOS, especially for GPP (Figure 4.9 and Figure 4.11).

The mean RMSD across sites of the same PFT indicates that ET across sites can 
be as different in CLMPFT for GRA and CRO as in the observations (Figure 4.12). 
However, the ET differences across sites with the same PFT were underestimated 
at  ENF  and  DBF.  GPP  differences  across  sites  with  the  same  PFTs  were 
underestimated for all PFTs (Figure 4.13). This suggests that the missed variance 
could mainly stem from missed PFT internal inter-site differences or unresolved 
differences  in  site-specific  abiotic  conditions  (e.g.,  soil  depth  and  texture). 
Possibly,  this  could  not  be  improved  through  optimization  of  PFT-specific 
parameters,  as  these  sites  would  still  share  the  same  set  of  parameters.  An 
enhanced  concept  of  functional  types  in  vegetation,  focusing  on  the 
spatiotemporal  variability  in  observed  plant  traits,  could  better  facilitate 
improvements that raise the simulated ET and GPP variance in space and time.
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4.4.4 Data requirements

As  outlined  above,  beyond  parameter  optimizations,  a  comprehensive 
implementation of functional ecosystem diversity could significantly improve the 
LSM simulation outputs regarding multiple aspects of their distributions. This 
could  introduce  a  state-of-the-art  understanding  of  vegetation  function  into 
LSMs, which is essential to evaluate different theories of plant trait evolution and 
their effect on current and future energy, water, and carbon cycles.

In that light, we encourage sites to co-locate research infrastructures (Futter et 
al., 2023), like ICOS and the integrated European Long-Term Ecosystem Research 
Infrastructure (eLTER RI). Thereby, sites cover additional observation spheres 
like biodiversity (e.g., functional diversity of plants) and socio-ecology (through 
forest and crop management and driving land use change) and establish a strong 
base for studies to increase the understanding of the whole system (Baatz et al., 
2018;  Mirtl  et  al.,  2018,  2021;  Ohnemus et  al.,  2024).  Furthermore,  this  would 
promote large-scale observations needed to introduce more trait variability into 
LSMs.  Last,  combining  LSMs  and  these  holistic  observations  by  data 
assimilation, going beyond decoupled modeling efforts (Bloom et al., 2020) and 
resulting in an ecosystem reanalysis (Baatz et al., 2021), would provide essential, 
explicit and accurate data on the carbon cycle, which are currently unavailable.

4.4.5 Distribution moments and droughts

Investigating the influence of drought on the analyses, or generally the ability of 
the models to simulate drought and the vegetation response, is complex due to 
the differences in drought response functionality. For instance, plant water stress 
might occur due to different magnitudes of water deficit in the soil on different 
aggregation timescales and with a variable lag to the water deficit. A future study 
will investigate the PFT-scale drought responses from the model and how the 
drought  propagates  through  the  ecohydrological  sphere  and  compare  it  to 
observations.  However,  drought  frequency,  duration,  and  severity  affect  the 
shapes of the distribution of the precipitation and, eventually,  the ecosystem 
processes. Thus, we briefly discuss possible insights into their drought responses.

Importantly, the skewness and excess kurtosis moments, which inform us about 
the characteristics of the distribution tails (relativity between the tails and the 
general  tailed  aspect,  respectively)  of  precipitation  (Guo,  2022),  as  well  as 
vegetation states and function (Cooley et al., 2022; Kanavi et al., 2020; C. Liu et 
al.,  2022),  are  influenced  by  dry  conditions,  depending  on  their  frequency, 
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duration, and severity. We found a low variability in the skewness and excess 
kurtosis of the precipitation used to force our CLM5 simulations (Figure B.10c 
and d), specifically a significantly lower skewness and excess kurtosis at ENF and 
DBF sites.  A lower  positive  skewness  than  the  observations  means  that  the 
distribution is  less  skewed towards lower  values,  and a  lower positive  excess 
kurtosis  than  the  observations  indicates  generally  larger  tails.  A  possible 
interpretation  of  these  differences  in  the  distribution  moments  is  that  the 
atmospheric  forcings  show more  frequent,  longer,  and more  severe  extreme 
precipitation  events,  while  the  ICOS  measurements  are  more  concentrated 
around their  mean. While the propagation of these extreme events could be 
complex and non-linear, we generally found the same results (lower skewness and 
smaller absolute excess kurtosis) for the simulated distributions of ET and GPP 
for almost all models and PFTs (Figure 4.9c–d and Figure 4.11c–d), suggesting a 
more direct relationship. However, because of the possible non-linearity and the 
influence of other factors, the detailed relationship between these findings and 
the ability of CLM5 to simulate ecosystem drought responses must be examined 
in  future  studies.  In  any  case,  the  missing  accuracy  in  representing  higher 
distribution moments in the atmospheric forcings and in land surface models 
must be considered in studies using these to investigate drought.

4.5 Conclusions

We  evaluated  the  simulated  evapotranspiration  (ET)  and  gross  primary 
production (GPP) from a 3 km resolved Community Land Model v5 (CLM5) set 
up over the European CORDEX domain. We differentiated the model outputs 
between the grid scale (CLM5grid) and the plant-functional-type scale (CLM5PFT) 
and compared them with ICOS station data as ground truth data. Furthermore, 
we compared with ET and GPP from remote-sensing-derived data  from the 
Global  Land  Surface  Satellite  (GLASS)  and  reanalysis  products  such  as  the 
European  Centre  for  Medium-Range  Weather  Forecast  Reanalysis  5  –  Land 
(ERA5L)  and  the  Global  Land  Evaporation  Amsterdam  Model  (GLEAM). 
CLM5grid and  CLM5PFT exhibited  promising  skills  in  approximating  the 
observations and often performed better than ERA5L, GLASS, and GLEAM. 
CLM5PFT showed a lower systematic bias (lower percent bias) but approximated 
the ICOS observations in a generally worse manner (larger root mean square 
error) than CLM5grid (Figure 4.2,  Figure 4.3, Table B.4, and Table B.5). ET and 
GPP were systematically underestimated across all PFTs throughout the year for 
both model scales. Especially during summer at DBF sites, GPP was substantially 
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lower for CLM5PFT and CLM5grid than for ICOS observations (Figure 4.4 and Figure
4.6).

Essentially, CLM5PFT and, to a greater degree, CLM5grid, ERA5L, GLEAM, and 
GLASS showed a  lower  spatiotemporal  variability  in  ET and GPP than the 
measurements  exhibited  by  a  lower  range  of  all  the  modeled  ET and  GPP 
distribution moments across PFTs than in ICOS. This smaller range and a lower 
root  mean  square  difference  between  sites  of  one  PFT group  suggests  that 
CLM5grid and, more surprisingly, CLM5PFT simulate GPP and ET more similarly 
across PFTs than the ICOS measurements.

Future studies should investigate whether optimizing parameters in CLM5PFT with 
observation data increases the diversity of ET and GPP values or whether this is 
a structurally induced bias. This work provides essential insights for studies that 
aim to find optimized parameters and meaningful context for analyses of more 
specific ET and GPP dynamics using the evaluated data.
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5 The drought response of European ecosystem 
processes via multiple components of the 
hydrological cycle

This chapter is based on the manuscript:
Poppe Terán, C., Naz, B.S., Belleflamme, A., Rahmati, M., Vereecken, H., Hendricks Franssen, 
H.-J., 2025. The drought response of European ecosystem processes via multiple components of 
the hydrological cycle. 

5.1 Introduction

Readily available water is required for human life and well-being: societies depend 
on water for domestic and industrial use, as well as agricultural food and fiber 
production (M. A. Ali & Kamraju, 2023). Furthermore, natural ecosystems need a 
sufficient  water  supply  for  their  functioning  and  to  continuously  provide 
ecosystem services, such as carbon storage on the land surface, habitat for a 
diverse flora and fauna, and clean and breathable air (Schröter et al., 2019), which 
have  additional  significant  implications  for  society.  While  available  water 
resources  vary in magnitude,  time,  and space,  ecosystems and cultures  have 
adapted to the local conditions.  However,  a water deficit beyond the normal 
variability  they  locally  adapted  to  can  invoke  irreversible  changes  to  the 
ecosystem’s structure and performance (Clark et al., 2016; Graf et al., 2020; Jiang 
et al., 2013; W. Li et al., 2023; Poppe Terán et al., 2023; Rohde et al., 2024) and 
threaten human lives and livelihoods  (European Commission.  Joint Research 
Centre., 2020; Rusca et al., 2022; WMO, 2021; Zscheischler et al., 2020). 

These significant water deficits – a.k.a. droughts – are predominantly categorized 
by the Earth System compartment (atmosphere, surface, subsurface) where they 
occur. For example, much drought research has focused on precipitation, runoff, 
and  soil  moisture,  indicating  meteorological,  hydrological,  and  agricultural 
drought, respectively. These drought indicators measure the deficit statistically 
but  do  not  comprehensively  account  for  the  systematic  differences  in  water 
demand among societies and ecosystems. For instance, significantly lower than 
regular soil moisture in a region with a very humid hydro-climate will likely not 
inhibit vegetation responses or cause a domestic water supply shortage unless 
sustained for a considerable period, unlike droughts in more arid hydro-climates, 
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where ecosystems tightly depend on the little available water and are immediately 
affected  by  small  deficits.  Additionally,  ecosystems'  structure  and  type  of 
vegetation (e.g., plant species composition) will control the consequences of a 
particular water shortage on their processes and functioning (framing ecological 
droughts (Bradford et al., 2020; Crausbay et al., 2017; Slette et al., 2019)) through, 
e.g., root structure resulting from eco-evolutionary principles. This leads to a 
highly complex process controlling the drought impacts on vegetation, even on 
the local scale (Harrison et al., 2021; Hoek Van Dijke et al., 2022; Joshi et al., 2022; 
Stocker et al., 2023; Teuling et al., 2010). 

More specifically,  terrestrial  natural  and managed ecosystems depend on the 
availability of water for photosynthesis, in which plants assimilate carbon from 
the  atmosphere  for  growth  and  metabolism,  binding  it  to  the  land  surface 
(Friedlingstein et al., 2023; Whitmarsh & Govindjee, 1999; Wohlfahrt & Gu, 2015). 
This flux is the most considerable carbon flux between the atmosphere and the 
terrestrial surface, and understanding its variability and drivers is essential to 
quantifying greenhouse gas  emission budgets  and climate  change mitigation 
strategies  (Friedlingstein  et  al.,  2023;  IPCC,  2023b;  C.  G.  Jones  et  al.,  2024). 
Photosynthesis  is  coupled  with  water  availability  through  plant  water 
management strategies: Stomata are partly closed to reduce transpiration during 
low soil water content or high atmospheric water demand, inhibiting the carbon 
influx to the land surface. This is a widely applied ecosystem function to save 
water, but along with other ecosystem traits, its timing varies significantly in time 
and space  (Joshi et al.,  2022; Short Gianotti et al.,  2024; Stocker et al.,  2023). 
Consequently, drought impacts and the emerging carbon cycle variability are 
influenced  locally  by  the  heterogeneity  of  the  water  deficit  itself,  site 
characteristics,  such  as  soil  and  vegetation  patterns,  and  legacy  effects  of 
preceding seasonal climatological anomalies (Bastos et al., 2020; Bevacqua et al., 
2024). However, droughts and their impacts are clustered as discrete events with 
a  quantifiable  regional  and  temporal  extent.  For  a  holistic,  functional 
understanding  of  droughts,  their  variation,  and  the  implications  for  water 
security and the carbon cycle, systematic approaches that discretely distinguish 
between  these  spatiotemporal  events  are  required  (Brunner  &  Stahl,  2023; 
Cammalleri et al.,  2020, 2021; Cammalleri & Toreti,  2023; Lloyd Hughes, 2012;‐  
Tallaksen & Lanen, 2024).

The emerging dimensions of droughts, when accounting for their impacts, are 
their  propagation over time,  space,  and through compartments  of  the Earth 
System (such as from the atmosphere to the soil, rivers, and vegetation). The 
structure of the propagation cascade and the propagation time scale depend on 



Chapter 5: The drought response of European ecosystem processes via multiple components of the hydrological cycle

119

local  ecosystem properties  that  define  the  connectivity  and  damping factors 
between these compartments, and the drought severity and impacts (Crausbay et 
al., 2020; Entekhabi, 2023). Therefore, droughts are a multivariate and time-scale-
sensitive problem.

Especially in Europe, where droughts are already more frequent and more severe 
than in the 20th century (Manning et al., 2019; Markonis et al., 2021; Rakovec et al., 
2022) – a trend that is expected to continue (Lehner et al., 2017; Suarez-Gutierrez 
et al., 2023) – an accurate characterization of the heterogeneity of drought impacts 
is essential.  Recent studies have shown how local and continental-scale gross 
primary  productivity  and  evapotranspiration  were  affected  during  years  of 
drought (Bastos et al., 2020; Ciais et al., 2005; Graf et al., 2020; Smith et al., 2020;  
Thompson et al., 2020; Van Der Woude et al., 2023), but have left open questions 
regarding the drivers of differing drought responses across Europe. Furthermore, 
the  effect  of  different  methodologies  for  identifying droughts  (e.g.,  by using 
deficits  of  various  hydrological  variables  on  different  time  scales)  makes 
formulating a holistic and systematic paradigm of European ecosystem drought 
responses particularly challenging.

Large-scale analyses are necessary to gain a general understanding of drought 
responses of ecosystem processes. While observation networks like the Integrated 
Carbon Observation System (ICOS  (Heiskanen et al., 2022)) or the upcoming 
Integrated European Long-Term Ecosystem, critical zone, and socio-ecological 
Research Infrastructure (eLTER RI (Mirtl, 2010)) offer large-scale and ground-
truth data, their geographical coverage is inconsistent. It is even geologically, 
ecologically, and climatologically biased (Ohnemus et al., 2024). Further, many 
required vegetation and hydrological states are only available in coarse temporal 
resolution.  Regional  land-surface  model  simulations  offer  the  opportunity  to 
assess ecosystem responses to drought on the continental scale, with consistent 
spatiotemporal  coverage  for  many  states  and  fluxes  of  the  terrestrial  water, 
carbon, and energy cycles. 

Here, we use long-term (1995 – 2018, 24 years) simulations of the Community 
Land Model  version  5  (D.  M.  Lawrence  et  al.,  2019) (CLM5)  at  3-kilometer 
resolution  over  the  European  Coordinated  Regional  Climate  Downscaling 
Experiment (Giorgi et al., 2009) (CORDEX) domain to analyze the characteristics 
of droughts. We define discrete drought events by applying a novel generalized 
clustering algorithm (Cammalleri & Toreti, 2023) to the simulated standardized 
precipitation, runoff, soil moisture, and vapor pressure deficits on 1-monthly, 3-



Chapter 5: The drought response of European ecosystem processes via multiple components of the hydrological cycle

120

monthly,  6-monthly,  and  12-monthly  aggregation  time  scales.  This  study 
presents

1. The most  significant drought events  in Europe based on the different 
variables and time scales.

2. Statistics  on  these  drought  events  (e.g.,  the  variation  of  their 
spatiotemporal extent and propagation speed) and their temporal trends 
over the study period.

3. The impact of drought events on gross primary production, transpiration, 
vegetation  water  stress,  and  the  influence  of  drought  types  and 
aggregation time scales on those.

Consequently, this study leads the way towards more holistic and systematic 
approaches when accounting for drought impacts on ecosystem processes by 
improving  the  understanding  of  the  influence  of  drought  types  and 
aggregation time scales on the droughts' characteristics and their effects on 
ecosystems.

5.2 Methods

5.2.1 Setup of the European CLM5

The Community Land Model version 5 (CLM5)  (D. M. Lawrence et al., 2018, 
2019) is one of the most used land component models of Earth System Models 
globally.  It  resolves  the energy and water states  and fluxes (and carbon and 
nitrogen if the biogeochemistry module is activated) in each soil column and for 
each plant functional type (PFT) within each grid cell masked as a terrestrial 
surface in the study domain. PFTs are distinguished by leaf habit (evergreen or 
deciduous),  morphology  (needle  and  broad  leaves,  grass,  and  shrubs),  and 
bioclimate (boreal, temperate, and tropical). Further, PFTs that are in the same 
soil column (i.e., in the exact location or grid cell) compete for water. Importantly, 
crops are in a separate soil column from natural vegetation and are either rainfed 
or irrigated when the soil moisture falls below a specific threshold.

The European CLM5 setup simulates the European CORDEX domain (Giorgi et 
al., 2009), and has a curvilinear structure and consistent grid cell spacing. The 
chosen resolution is 3 km (0.0275°), which agrees with previous work done with 
CLM over Europe (Naz et al., 2019, 2020; Poppe Terán et al., 2023; Poppe Terán, 
Naz, Vereecken, et al., 2025) and results in 1544 × 1592 grid cells, including the 
ocean cells masked during the simulation. The standalone CLM5 simulations 
were forced by the Consortium for Small-Scale Modelling (COSMO) Reanalysis 
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6  (Bollmeyer  et  al.,  2015;  Wahl  et  al.,  2017).  This  is  the  publicly  available 
atmospheric data set with the finest resolution (6 km), and we downscaled it to 
the 3 km CLM5 resolution. over the European CORDEX domain. This high 
resolution  of  the  atmospheric  model  had  better  approximations  of  observed 
seasonal precipitation intensities than coarser resolved simulations (Bollmeyer et 
al., 2015; Prein et al., 2016). This will lead to a better representation of hydrology 
on and below the land surface and, therefore, meteorological and hydrological 
droughts. The land surface input data was created using tools from the CLM5 
repository, including land use (Hurtt et al., 2020), soil texture (IGBP, 2000), slope 
and elevation (Earth Resources Observation And Science (EROS) Center, 2017), 
and maps of PFTs (P. J. Lawrence & Chase, 2007).

The biogeochemistry (BGC) module of  CLM5, which was turned on in our 
simulations, requires a spin-up simulation process to create initial conditions of 
carbon and nitrogen pools and fluxes. This process approximates the systemic 
equilibrium state of these fluxes and pools from arbitrary initial conditions. The 
primary global equilibrium condition is that the carbon pools at 97% of the grid 
cells are steady (i.e., no significant change or trend in the evolution of the carbon 
pool  sizes).  Further  details  on  the  model  setup  and  spin-up  conditions  are 
described in (Poppe Terán, Naz, Vereecken, et al., 2025). We used the equilibrium 
conditions determined by the spin-up as initial conditions for the simulations 
from 1995 to 2018, which we analyzed in this study.

The raw simulation outputs were resampled to 8-daily means (to fit the temporal 
resolution of remote sensing observations used in the evaluation (Poppe Terán, 
Naz, Vereecken, et al., 2025)). We calculated the vapor pressure deficit from the 
air temperature and air humidity according to the atmospheric forcing  (R. G. 
Allen, 2000). Finally, to calculate the rootzone soil moisture, we first calculated 
the root fraction in each layer for each present PFT (D. M. Lawrence et al., 2018).

r i= (β zh , i -1×100 - β zh , i×100 ) (5.1)

Where  r [dimensionless]  is  the  resulting  root  fraction  for  a  given  PFT,  i 
[dimensionless]  is  the  soil  layer  index,   [dimensionless]  is  a  PFT-specific 
parameter, and zh, i [m] is the depth from the surface to the interface between the 
layers i and i+1. These PFT-specific root fractions are then weighted by the land 
unit's area share covered by this PFT. Then, the resulting weighted root fractions 
for each layer serve as a weight to calculate the soil moisture level so that the 
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layers with a larger root fraction contribute more significantly than those with a 
smaller root fraction.

Stomatal conductance (gs) [µmol m-2 s-1] is the inverse of the stomatal resistance 
(rs) and is calculated with the Medlyn model (Medlyn et al., 2011):

gs=
1
r s

= g0+1.6(1+ g1

√VPD ) A
cs

(5.2)

Where  g0 and  g1 are  model  parameters.  g0 [µmol  m-2 s-1]  is  fixed,  and  g1 

[dimensionless]  is  calibrated  to  each  PFT.  VPD [kPa]  is  the  vapor  pressure 
deficit, A [µmol CO2 m-2 s-1] is photosynthesis, and cs [Pa] is the CO2 partial pressure 
at the leaf surface relative to the atmospheric pressure.

The resulting transpiration flux is then determined by:

T r=
es - ei

r s

(5.3)

Where es [Pa] is the water vapor pressure at the leaf surface, and ei [Pa] is the water 
vapor pressure resulting from the leaf temperature.

5.2.2 Standardized drought indices

The standardized indices were calculated using an adjusted algorithm for the 
standardized precipitation index (SPI) (McKee et al., 1993, 1995). The calculation 
is done individually for each grid cell. We first deseasonalize each variable’s time 
series. Then, we calculate a rolling sum series based on the time window given by 
each aggregation period (31 days, 92 days, 183 days, and 365 days). Notably, the 
selected variables differ in their probability distributions, and these distributions 
differ across the study domain. So, to facilitate a generalized method that we apply 
to the whole European study domain for calculating the standardized index for 
all variables, we flexibly approximate each variable’s probability density function 
and the cumulative distribution function with a Gaussian kernel density estimator 
on the rolling sum series. Each corresponding value in the processed series in the 
normalized  cumulative  distribution constitutes  the  drought  index  value.  The 
corresponding points  of  the normal  cumulative distribution at  those percent 
points constitute the drought index series.

Finally, we have a data set with drought indices for precipitation, vapor pressure 
deficit,  rootzone  soil  moisture,  surface  runoff,  and  groundwater  for  each 
terrestrial grid cell in the European 3-km grid from 1995 until 2018.
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5.2.3 Clustering drought events

To quantify the spatiotemporal extent of droughts on an event basis, we leverage 
a generalized 3-dimensional algorithm (Cammalleri & Toreti, 2023) that clusters 
drought points (i.e., where a given drought index indicates a water deficit) and 
labels each drought point with an event identifier. The algorithm uses Density-
Based Spatial Clustering of Applications with Noise (DBSCAN)  (Ester et al., 
1996),  which  determines  core  samples  in  high-density  regions  and  expands 
clusters around them. DBSCAN is not limited to clusters of spherical shape and 
does  not  require  the  number  of  clusters  to  be  found,  such  as  the  k-means 
clustering algorithm. However, two parameters are needed to define how core 
samples will be found (the search window and the required density within it). In 
our case, the samples are the spatiotemporal locations of the drought points. 
Significantly, we will weigh the samples by their drought index value so that the 
distance between drought points and non-drought points is additionally scaled 
(Cammalleri et al., 2016):

w=
1

1+( ks )
e (5.4)

Where w is the weight, k is a parameter that sets the center of the logistic curve, 
s is the drought index, and  e is the steepness of that curve. Furthermore, this 
logistic  scaling  method  gives  smoother,  more  inclusive,  and  generalizable 
transitions of drought events, as points that would not have been included in the 
event with more rigid drought definitions (e.g., the drought index must be lower 
than -1) could be included and considered affected by this drought if the density 
around it is accordingly high. The algorithm then basically consists of three steps 
for each variable:

1. Spatial,  2-dimensional clustering of the maps of the weighted drought 
index maps at each 8-daily time step;

2. Filtering  of  minor  droughts:  Droughts  that  are  smaller  than  a  given 
threshold  are  discarded  so  that  large  3-dimensional  clusters  do  not 
overextend through the incorporation of these tiny events;

3. Spatiotemporal, 3-dimensional clustering of the weighted drought index 
data cubes over the 1995 – 2018 study period.

In each clustering process, we only use the spatial and time coordinates as features 
and  introduce  the  weights  as  sample  weights  into  DBSCAN,  which  is 
computationally  more  efficient  than  introducing  the  drought  indices  as  an 
additional dimension.
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Besides the drought indices data set, we have another 3-dimensional data set for 
the variables precipitation, vapor pressure deficit, rootzone soil moisture, and 
groundwater, with labels at each point that specify whether the point at a given 
time is experiencing a drought and, if this is the case, the label of the specific 
event.  Table 5.1 shows the parameters used in the clustering algorithm in this 
study (Cammalleri & Toreti, 2023).

Table 5.1: Parameter used in the three steps of the three-dimensional clustering algorithm, in the weighting 
process (k and e), clustering process (l and p), for scaling time distance relative to space distances (t), and for 
filtering less significant clusters (a). For more information, please refer to Cammalleri & Toreti, 2023.

PARAMETER MEANING AND UNITS VALUE

k Center of the logistic weighing function [-]. -1.4

e Steepness of the logistic weighing function [-]. 6

l Window size (in grid cells) when determining the density around 
a point [-]. 3

p

Share of present drought points in the window between the 
minimum (2) and the maximum (depending on the dimensions, 

see steps 1 and 3 above): 
window  number  of  dimensions [-].

0.1

t Space-time scaling factor [-]. 1.0

a The minimum area for the drought events filter in step 2 above 
[km²]. 30000

5.2.4 Drought event properties

Each drought event has a unique ID, prescribed by the clustering algorithm, 
which groups the points in space and time that delimit the drought’s extent. To 
determine the properties (or characteristics) of a drought event, we mask the 
drought indices dataset to the points that are labeled with that drought’s ID and 
continue the calculations only including this drought’s spatiotemporal extent and 
weighted anomalies (see Equation (5.4)). The start and end dates correspond to 
the time stamps of the drought label's first and last occurrences along the time 
dimension. The difference between the time stamps constitutes the duration of 
the drought event, here in days. The drought area, during its activity, is calculated 
as follows.

A i , t=∑
Ω

ax , i , t (5.5)

Ai,t is the total area of drought i at time t over the model domain Ω, and ax,i,t is the 
area of a grid cell corresponding to drought i at time t and location x. Notably, the 
droughts also differ in severity. Thus, we also determine the integrated drought 
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index  by  weighting  each  grid  cell  area  by  the  weighted  drought  index  (see 
Equation (5.4)). 

I i , t=∑
Ω

ax , i , t  sx , i , t (5.6)

Ii,t results as the integrated drought index sx,i,t is the drought index at location x, 
for event i and at time t. 

The integrated area (in the text  called the drought event size)  and the total 
integrated drought index (in the text called the severity) for an event i is the sum 
of Ai,t and Ii,t across time t. The average rate of change across time of the Ii,t, and 
Ai,t series  indicates  the  drought  index  propagation  speed  and  spatiotemporal 
propagation speed of the respective event i. Lastly, the centroid coordinates of the 
drought are defined as follows (Cammalleri et al., 2016; J. Zhang, Zhang, Yu, & Yu, 
2024).

X i , tY i , t=
∑ x x , i , t  y x , i , t  w x , i , t

∑ w x , i , t

(5.7)

Here,  Xi,t and  Yi,t are the coordinates of the centroid of the drought event  i at 
time  t,  yielding a time series of centroid coordinates as long as the drought 
persists.  Furthermore,  xx,i,t and  yx,i,t are the grid cell  x’s  coordinates from the 
event i at time t and wx,i,t is the weighted drought index of grid cell x from drought 
event i at time t (see Equation (5.4)).

5.2.5 Drought impacts on ecosystem processes

We define ecosystem processes' drought response as the local anomaly during 
drought conditions,  referring to the local  mean during non-drought periods. 
Furthermore, the response only includes significant values, i.e., values higher 
than the variable’s local standard deviation during non-drought periods.

X d , t , x= X t , x - X n , x (5.8)

Where  Xd,t,x is  the drought response at  time  t and location  x for  variable  X, 
presumed that a drought event is identified at that location and time. To omit 
regions of low vegetation activity, such as deserts, we exclude regions with a 
negligible standard deviation from the distributions used in the analysis.
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5.3 Results

5.3.1 The most severe drought events from 1995 – 2018

In Figure 5.1, we showcase the ability of our drought event identification method 
by presenting each variable's most severe drought event, i.e., the event with the 
most  considerable  spatiotemporal  extent  weighted  by  its  total  standardized 
anomaly. The results in  Figure 5.1 refer to events based on the 6-monthly (183 
days) aggregation period (tagg); outcomes based on the other tagg are in Figure C.1– 
Figure C.3. In this main section, we focus on the 6-monthly tagg due to the close 
correlation and covariation with ecosystem processes found by previous studies. 
However, the results of the other tagg agree with the presented findings in this 
section unless stated otherwise. A more detailed analysis of the critical tagg of 
drought indices and their impact on ecosystem processes on the event scale is 
recommended for future studies, given that complex spatiotemporal interactions 
of climate and land surface processes affect and change these responses even in 
the same site across different events (Baez-Villanueva et al., 2024; Bastos et al., 
2020; Martínez-de La Torre & Miguez-Macho, 2019).
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Figure 5.1: For each hydrological variable, per row, precipitation (P), vapor pressure deficit (VPD), runoff 
(R), and groundwater (per water table depth, WTD), these are insights into the largest detected event cluster 
for the 6-monthly (183 days) aggregation period. The maps on the left show the maximum extent of the 
event, and in the center, maps with the drought indices at the corresponding point in time. On the right, the 
tables list the properties of the selected largest event cluster.
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Comparing the cluster extents with the drought index maps (first vs.  second 
column of  Figure 5.1), it is evident that the clustering algorithm yielded good 
results and quantified the spatially distributed and clustered drought data points 
to one event. While the temporal dimension of these events could not be depicted 
in the maps, the start date, duration (event property table in the third column of 
Figure 5.1), and the date of the largest event extent (title of the cluster map, first 
column of Figure 5.1) are also listed. The location of the centroid and the standard 
deviation of its coordinates give insights into the event origin and the variability 
of the spatial expansion and movement of the event cluster (black circles and 
error lines in the event extent maps in the left column of Figure 5.1). For example, 
the most significant rootzone soil moisture (SMr) drought event (Figure 5.1g) 
predominantly  varied  in  longitude  direction,  pointing  to  a  predominantly 
longitudinal spatial propagation or cluster movement along that axis.

Notably, the most significant events of all variables are predominantly located in 
the East of the study domain. This is likely due to the geographical distribution 
of  land area across  the  domain:  Where  there  is  more continuous land area, 
drought events connect better and faster, are likely bigger, and have, thus, a more 
significant severity. Events of terrestrial variables, such as soil moisture or runoff, 
are more affected by this bias than atmospheric variables, such as precipitation 
and vapor pressure deficit, where anomaly patterns are connected aloft. This is 
evident in the large events connecting precipitation (P) and vapor pressure deficit 
(VPD) drought indices across Eastern Europe, Central Europe, and Scandinavia 
in  Figure 5.1a  and d,  as  opposed to the more compact  SMr,  runoff (R),  and 
groundwater (WTD) events in Figure 5.1g, j and m. 

We identified four periods when large-scale droughts with high severity (drought 
index  integrated  over  spatiotemporal  extent)  occurred  over  Europe:  at  the 
beginning of the study period in 1996, 2002/2003, 2015, and at the end of the study 
period, 2018. While the aggregation periods yielded some differences in the dates 
of their most prominent events, they all agreed that the largest soil moisture 
drought event  occurred in 2015.  Climatic  drivers  and the connectivity  of  the 
hydrological compartments lead to multivariate propagation of anomalies and 
these shared periods of large-scale droughts across variables. However, apart from 
that, the ranking of these drought events, even at their largest scale, differs by 
variable (showing different dates of the most significant drought event across the 
different  variables  per  tagg)  and  by  tagg (showing  different  dates  of  the  most 
significant  drought  event  across  the  different  tagg per  variable).  This  further 
strengthens our rationale for a holistic, time-scale sensitive perspective on the 
propagation of water scarcity in ecosystems.
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Connected areas where the anomalies are not as significant as around them were 
successfully excluded from the shown event clusters (e.g., large swaths of the 
Balkans and central Europe in the most considerable groundwater drought (per 
water table depth, WTD, see Figure 5.1m and n) and not directly connected areas 
of anomalies are also secluded events (e.g., the VPD drought event in the British 
Isles from the large-scale event on the European mainland, Figure 5.1d and e). 
Separated blobs that are still labeled as part of the large-scale event (e.g., a solitary 
part of the runoff drought that is part of the extensive R event in the easternmost 
part of our study domain in Figure 5.1j and k) are connected through the time 
dimension. Through the drought's spatial propagation and movement, they were 
or will be attached at another point in time and are both part of the continuous 
3-dimensional event cluster.

The parameters of the clustering method influence the connectivity between 
single  clusters  in  space  and  between time steps,  hence  controlling  the  total 
number of clusters and their sizes. However, the chosen clustering parameters 
remained constant throughout the study. While this means that the uncertainty 
in  cluster  sizes  persisted,  this  effect  was  consistent  across  variables  and 
aggregation period scales. 

Essentially, we also observe systematic effects of tagg on the properties of the 
clusters. Logically, the event duration, the mean area, and the severity increase 
with  increasing  tagg because  events  with  shorter  aggregation  periods  are 
inherently  more  dynamic  (Baez-Villanueva  et  al.,  2024).  Essentially,  tagg 

determines the length of the rolling window for which the sum is calculated, so, 
logically, single values of an index with a small tagg will have a smaller influence 
on the aggregate's overall value than longer tagg.  Hence, drought indices of a 
smaller tagg are more dynamic than those of a larger tagg. These effects may play 
out differently on the selected variables and on each property of the drought 
events. In the next section, we will present statistics on the event properties across 
all identified events (not only the largest) and investigate the effects of tagg on their 
distribution.
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5.3.2 Atmospheric droughts are becoming increasingly severe

Figure 5.2: The violin plots characterize the distribution of key event properties (y-axis) across all identified 
precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SM r), runoff (R), and groundwater 
(per water table depth, WTD) drought events (x-axis) of 6-monthly (183 days) aggregation period.

In Figure 5.2, the distributions of key event properties of all events and for each 
variable are displayed in boxplots. Generally, the larger the duration, propagation, 
and severity median across the events, the more extensive the distribution spread 
and  the  upper  quartile  range  of  the  duration,  propagation,  and  severity 
distributions, indicating a non-linear relationship towards a higher likelihood of 
quickly propagating, long-term, spatially extensive, or very severe drought events. 
Essentially,  the  severity  can  be  approximated  by  a  simple  fitted  power  law 
(Cammalleri  et  al.,  2023) (a×bduration),  which  we  confirm  works  well  for  the 
different variables and aggregation periods (Figure C.4). However, especially for 
large-scale  droughts,  the  fitted  power  relationship  becomes  more  uncertain, 
somewhat underestimating the sizes of the most prominent droughts related to 
their  duration.  This  indicates  a  tendency  for  the  most  severe  droughts  to 
propagate in space rather than time, irrespective of the hydrological compartment 
or aggregation period.

Drought events in the hydrological compartments of the subsurface, i.e., SMr and 
WTD,  show  distribution  characteristics  of  their  duration,  propagation,  and 
severity properties distinct to the distributions of P, VPD, and R. Subsurface 
droughts  –  on  average  –  last  longer  compared  to  surface  and  atmospheric 
droughts (Figure 5.2a), they propagate more slowly in space (Figure 5.2b), and 
they have a greater severity  (Figure 5.2c) than droughts in the more dynamic 
above-surface hydrological  compartments.  This  is  consistent  across  events  of 
different  tagg (see  Figure  C.5–  Figure  C.7).  Conversely,  meteorological  and 
atmospheric droughts (P and VPD drought events) persist on average the shortest 
and propagate the most rapidly over space. 
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Further, in Figure 5.3, the distributions of the drought properties of the different 
tagg are compared. The scale and distances between the tagg categories are not 
linear (irregular and exponential scaling from 31 to 92, 183, and 365 days, and the 
presence  of  the  enormous  drought  events,  essentially  lying  outside  the  95% 
percentile,  increase  non-linearly  with  tagg;  see  Figure  5.3).  Nevertheless,  the 
indicated linear regressions of medians of event properties and tagg showcase this 
relationship simplistically. 
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Figure 5.3: Each violin plot depicts the distribution of drought event properties (y-axis, in logarithmic scale. 
Left column: duration, center column: propagation speed, right column: severity) for each of the drought  
index variables precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SMr), surface runoff 
(R), and groundwater (per water table depth, WTD) and each drought deficit aggregation period (tagg: 31days, 
92 days, 183 days, 365 days corresponding to monthly, 3-monthly, 6-monthly and yearly). The red dashed line 
is a simple linear regression (here curved in the linear-logarithmic plane) of the medians, exemplifying the 
effect of increasing tagg on the drought event properties.
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The  severity  of  atmospheric  droughts  (VPD)  increases  with  increasing  tagg, 
indicating a greater importance of small-scale aggregation times for atmospheric 
droughts than other drought types. This is due to a positive relationship of tagg on 
the drought event severity (the lower tagg, the lower the median severity) of P, R, 
SMr, and WTD droughts, which is not present for VPD (Figure 5.3c, f, i, l, and o). 
Thus, in the median, the severity of atmospheric drought events is independent 
of the tagg of the drought index. However, the likelihood of large-scale events 
increases towards greater tagg, and these vast events have to be considered more 
carefully when accounting for their implications on ecosystems and societies. 

All drought indices show increasing event durations with increasing tagg (Figure
5.3a, d, g, j, and m), the most substantial dependency being soil moisture and 
groundwater  droughts  (SMr and  WTD,  Figure  5.3j  and m),  indicating more 
prolonged  droughts  for  extended  aggregation  periods.  All  variables  show 
decreasing propagation speed with increasing tagg (Figure 5.3b, e, h, k, and n). 
Again, larger tagg for SMr and WTD drought indices facilitated a more significant 
severity, while the other variables show indifference. While the medians seem well 
approximated by the linear regression, the maxima often appear to follow a non-
linear  interrelation  (e.g.,  the  maxima  of  total  groundwater  drought  event 
duration; Figure 5.3m). The most notable drought events (the most temporally 
extensive, fastest propagating, and most severe, outside of the 1.5×interquartile 
range region) are approximately exponentially larger than most other events, 
producing distributions with a long tail – we chose to display these distributions 
on a logarithmic scale.  For a better view of the interquartile ranges and the 
uncertainty of the linear regression of the medians, please look at Figure C.8.
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Figure 5.4:  Temporal trends of the drought event properties (see y-axis label) for precipitation (P), vapor 
pressure deficit (VPD), runoff (R), and groundwater (per water table depth, WTD) and per aggregation 
period (line style, see legend). For all trend plots including their uncertainty, see Figure C.9 - Figure C 12. 
Further, the exact interception and slope values, including their uncertainty, are given in Table C.1.
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Recent studies have indicated that drought properties, such as their severity, are 
continuously affected by the changing climate and environment, thus exhibiting 
temporal  trends  (Cammalleri  et  al.,  2020; Hoek Van Dijke et  al.,  2022;  Lloyd
Hughes & Saunders, 2002; Manning et al., 2019; Slette et al., 2019)‐ . We leverage 

our drought event dataset to relate each drought property to the drought centroid 
date and calculate the resulting trends. These trends are depicted in Figure 5.4. 
Notably, the trends of a specific variable are not necessarily consistent across 
different tagg. For example, the severity of precipitation droughts (Figure 5.4 c) 
shows a predominant decreasing trend in the study period for tagg=365 days but a 
slight  increase  for  tagg=31  days.  Furthermore,  the  duration  of  rootzone  soil 
moisture droughts of tagg=92 days has increased, while for tagg=365 days, it has 
decreased. Figure C.9 - Figure C 12 and Table C.1 compare the trends and related 
uncertainties of all the aggregation periods per variable and selected property.

Most strikingly, our results suggest increasing severity (0.22±0.11 ×107 km2 days 
year-1)  and propagation speed (0.08±0.04 ×103 km2 day-1 year-1)  of  atmospheric 
droughts,  likely  related  to  increasing  air  temperatures  and  associated  lower 
relative humidities, possibly enhanced by changes in atmospheric dynamics (e.g., 
the positioning of high and low air  pressure systems, and the occurrence of 
atmospheric blockage). Notably, groundwater droughts became shorter (-1.63±1.47 
days year-1) and less severe (-0.28±0.38 ×107 km2 days year-1) during our study period, 
although with more considerable uncertainties. 

The limited study period and very large or small drought events coincidentally 
occurring at the end or the beginning of the study period could bias the trend 
estimates. Further, more complex temporal relationships, e.g., non-linear trends 
and shifting trend signals, can attenuate the significance of these linear temporal 
correlations.

5.3.3 Complex patterns of ecosystem drought responses

In most drought research, only the magnitude of the water deficit in a particular 
hydrological  compartment  primarily  characterizes  drought  events.  However, 
these drought definitions fall short of describing the impacts on ecosystem fitness, 
services,  and human livelihoods.  The following results  focus  on establishing 
systematic relationships between the water deficits and ecosystem responses. 
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Figure 5.5: Maps of mean responses of transpiration (Tr) to soil moisture (SMr, top row) and vapor pressure 
deficit (VPD, second row) drought events with different aggregation periods (31, 92, 183, and 365 days). The 
maps in the last row depict the mean Tr response during compound events, i.e., where droughts defined by 
soil moisture and droughts defined by vapor pressure deficit at impactful aggregation times co-occur.

In Figure 5.5, transpiration (Tr) responses to SMr and VPD drought events show 
distinct geographical patterns. Furthermore, substantial differences exist between 
the Tr response and the drought index aggregation period (tagg). Please refer to 
Figure C.13 and Figure C.14 for soil evaporation (Es) and downregulation factor 
( ) responses. The patterns of GPP responses are almost identical to those of Tβ r 

and are depicted in Figure C.15

For the shortest aggregation period, SMr droughts are not evenly distributed 
across  the  continent,  exhibiting gaps  where  no events  of  this  type  occurred 
(Figure  5.5a).  This  hints  at  inhibited  compatibility  of  the  relatively  inert 
hydrological compartment in the root-zone soil with short aggregation times. 
Moderate aggregation times (92 and 183 days) identify SMr events that evoke the 
most widespread negative Tr responses, predominantly in Central Europe (Figure
5.5b and c). On the other hand, wet regions like the Alps and Scandinavia have 
generally increased Tr during soil moisture droughts independent of tagg. More 
arid regions (check Figure C.16), where ecosystem processes are limited by water 
availability and the magnitude of mean Tr is lower (e.g., Spain and Turkey), show 
limited Tr responses.  Patterns of Tr response along aridity gradients are also 
present  for  VPD  droughts  (Figure  5.5e  –  h).  However,  the  reactions  are 
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extensively positive for the shorter tagg across most Central, Eastern, and Northern 
Europe  (Figure  5.5e  and  f),  and  negative  responses  are  only  present  in  the  
longer tagg and smaller magnitudes (Figure 5.5g and h). The same observation 
counts for Es responses, supporting the interpretation that possible confounding 
factors (e.g., correlation between VPD and atmospheric pressure and incoming 
radiation)  and  demand-controlled  evapotranspiration,  rather  than  supply 
shortages  and  plant  water  management  through  stomatal  conductance, 
determine drought responses at these temporal scales. However, the confounding 
factors cancel out when these droughts persist over extended periods. On top of 
that, the initial Tr increases deplete the soil moisture in the root zone and could 
potentially negatively impact Tr, Es, and GPP in the long term.

Notably, the current understanding of drivers of transpiration and photosynthesis 
variability implemented in CLM5 makes it clear that they depend on multivariate 
states even during droughts. The carbon and moisture gradients between the 
atmosphere and the plants' leaves, among other factors, influence the stomatal 
conductance, determining the magnitude of vegetation transpiration and carbon 
uptake. Thus, both a dry atmosphere and a dry soil directly influence ecosystem 
processes.  Even plants applying conservative water management strategies to 
maximize their carbon input reduce their stomatal conductance when persistent 
droughts co-occur in these crucial  compartments.  Thus, we also analyze Tr's 
drought  response  when  ecosystems  face  soil  and  vapor  pressure  droughts, 
overlaying drought events of tagg that correspond to the most widespread negative 
response.  These  compound drought  events  co-occur  almost  universally  with 
negative Tr (Figure 5.5i – l) and GPP (Figure C.15) anomalies. Exceptions are the 
very humid regions where the relative anomalies do not necessarily mean a water 
limitation for the ecosystem processes (Norway’s west coast and the Alpes) and 
landscapes dominated by grasslands (e.g., parts of Turkey, see Figure C.17 for a 
map of  the dominating plant functional type in the European CLM5 model 
setup), demonstrating the ability to regulate the water use efficiency effectively 
during droughts (Poppe Terán et al., 2023).

Figure 5.6 shows the distribution of the drought responses for Tr, Es, and . Theβ  
findings from Figure 5.5 are reflected in Figure 5.6a – c: Tr shows mainly negative 
responses to SMr droughts, more dominantly in the short to medium tagg, positive 
responses during VPD events of short time scales, increasingly negative responses 
during VPD events for long time scales, and uniform negative responses during 
compound drought events.
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Figure  5.6:  Distributions  of  the  transpiration  (Tr,  top  row),  soil  evaporation  (Es,  middle  row),  and 
transpiration attenuation factor ( , bottom row) response to root-level soil moisture (SMβ r) drought events 
(left  column) and to vapor pressure deficit  (VPD) drought events  (center  column),  based on different 
aggregation times (tagg, x-axes) of the respective drought index. The responses in the right column are based 
on compound Tr and VPD drought events of impactful tagg.

On top of that,  Figure 5.6d – f shows the distributions of soil evaporation (Es) 
response to droughts. Es responses are in the median of smaller magnitude than 
Tr responses, but have equally long tails. This results from geographical patterns 
of Es drought responses across Europe (e.g., the north-south gradient, see Figure
C.16). Again, the aggregation periods determine the signal of the Es response to 
SMr and VPD droughts. Still, compound events have a predominantly negative 
impact on Es. However, the large upper tails mirror Es's very local yet considerable 
positive reactions to compound events on the Iberian Peninsula, Norway, and 
around the Black Sea (Figure C.13). 
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The  factor indicates attenuation of stomatal conductance due to insufficient soilβ  
moisture  (Figure  5.6g  –  i),  where  =1  means  no  moisture  limitation.  Theβ  
contrasting  responses  of   to  drought  events  showcase  the  limitation  ofβ  
standardized indices in drought identification. Identified soil moisture droughts 
do not directly correlate with water limitations for ecosystem processes. We find 
the most potent responses in Eastern Europe:  reacts negatively during SMβ r 

droughts  and  positively  during  VPD  droughts  (Figure  C.14).  Interestingly, 
Southern Europe exhibits widespread negative responses during all SMr, VPD, 
and compound events, characterizing the  responses along an aridity gradientβ  
in Europe. Notably, across other regions, or more generally,  drought responsesβ  
do not show a universal signal during compound drought events, questioning a 
direct relationship between vegetation water potential and the identified drought 
events in this study.

5.4 Discussion

This  study's  findings  must  be  interpreted  in  the  context  of  the  underlying 
uncertainties.  These  uncertainties  primarily  originate  from  input  data 
uncertainty, model bias, clustering fuzziness, and conceptual shortcomings.

The  Consortium  for  Small-Scale  Modelling  Reanalysis  6  (COSMO-REA6) 
atmospheric  data  used  as  forcing  for  the  European  CLM5  showed  better 
performance  than  coarser  reanalysis  products  in  simulating  precipitation 
intensities (Bollmeyer et al., 2015; Wahl et al., 2017). Some research evaluating the 
COSMO-REA6  as  a  forcing  for  hydrological  modelling  applications  shows 
limited  added  value  compared  to  coarser  reanalysis  forcings  (e.g.,  European 
Center  for  Medium-Range  Weather  Forecast  Reanalysis  5,  ERA5)  when 
simulating precipitation-runoff propagation (Alexopoulos et al., 2023), but it is 
expected to be more beneficial  with spatially distributed models  than single-
location models. The precipitation, temperature, and humidity values that are 
essential to calculate the drought indices in this study were found to compare well 
in terms of seasonality, magnitude, and variability to in situ observations across 
Europe (Poppe Terán, Naz, Vereecken, et al., 2025). A recent study found that 
COSMO-REA6 captures extreme events significantly better than other state-of-
the-art atmospheric data sets, albeit limited to only Germany (Hammoudeh et al., 
2025).  We  conclude  that  on  the  continental  scale  applied  in  this  study,  the 
chosen atmospheric forcing does not introduce substantial uncertainty to the 
identified clusters, especially the most significant events. Future work can use 
multiple atmospheric model outputs as forcing, perturb the forcing data, and use 
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ensemble simulations to scrutinize the effect of this uncertainty on the drought 
event  properties  and impact  in more detail.  Apart  from atmospheric  forcing 
inputs,  e.g.,  the  use  of  high-resolution  soil  texture  data  could  improve  the 
representation of soil moisture and vegetation water limitation in the European 
CLM5 setup (Oloruntoba et al., 2025).

Importantly, we evaluated the performance of key ecosystem processes from the 
same European CLM5 simulations used here with in situ observation data from a 
European station network in a previous study (Poppe Terán, Naz, Vereecken, et 
al., 2025). Most vegetation types systematically underestimate the magnitude of 
carbon  uptake,  most  strikingly  deciduous  broadleaf  forests  across  Europe. 
Furthermore,  CLM5  exhibited  significant  shortcomings  in  simulating  the 
variability in water and carbon cycles. In more detail, the simulated variance of 
evapotranspiration (ET) and GPP is significantly underestimated, with missed 
variability towards larger values during summer. Thus, the upper tails of the 
simulated ET and GPP distributions are shorter and lighter than the observed, 
which may have implications for the simulated responses to extreme events in 
this study. Further comparisons, specifically of the drought response from the 
European CLM5 with extensive observations, are required to find the specific 
uncertainty related to drought conditions. Regions on the Iberian Peninsula and 
the Nile Delta have a prevalent crop PFT that introduces irrigation (See Figure
C.17). The irrigation routine introduces water into the soil columns of these PFT 
whenever  a  critical  soil  moisture level  drops  below a threshold.  Thus,  while 
droughts will be identified, the drought responses are expected to be insignificant 
because the drought indices are relative to these local irrigated conditions.

Over the last decade, droughts have been increasingly mapped as spatiotemporal 
events, with the World Meteorological Organization calling for labelled event 
clusters  and  discrete,  event-specific  results  (WMO,  2015).  This  concept  has 
predominantly been used to identify precipitation drought events and analyze 
their properties  (Cammalleri et al., 2023; Cammalleri & Toreti, 2023; J. Zhang, 
Zhang, Yu, & Yu, 2024; Zhu et al., 2024). Few studies expanded the approach to 
different hydrological compartments (Di Nunno & Granata, 2023; K. Feng et al., 
2023; J. Zhang, Zhang, Yu, Yu, et al., 2024) and few have connected these drought 
events to vegetation responses (Pei et al., 2023; Weng et al., 2023). Diverse methods 
that cluster droughts to spatiotemporal events have been deployed and published. 
For this large-scale study, it was essential not to be limited to a parameter defining 
the number of drought events. Further, our study benefited from a generalizable 
method, i.e., the same was applicable across scales and variables (Cammalleri et 
al., 2023). The identified drought events were reasonably assessed to agree with 
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events  from  previous  literature  (with  a  focus  on  the  most  significant 
meteorological drought events in 1996, 2002-2003, 2010, 2015, and 2018) (Cammalleri 
et al., 2023). The size–duration power relationship across drought events found in 
previous studies for precipitation droughts is also valid for our data (Cammalleri 
et al., 2023) (Figure C.4 ). However, soil moisture, vapor pressure deficit, runoff, 
and  groundwater  events  are  scarcely  defined  spatiotemporally  in  previous 
literature, and, hence, we cannot confirm the agreement with actual recorded 
events.  Furthermore,  while  the  clustering  method  is  flexible,  it  also  allows 
exploring different parameterization sets depending on the hydrological variable 
and the aggregation time. While we argue that our parameter choice remains 
reasonable throughout, clusters identified by different parameters may change the 
distribution of drought event properties significantly, as, e.g., the inclusion of 
drought points at the cluster extremities and the exclusion of events below a 
threshold area are controlled by parameters and can influence these distributions 
substantially.  Additional  studies  analyzing  the  uncertainty  of  the  cluster 
properties based on different clustering parameter sets would help confine the 
fuzziness of the event definitions. We hypothesize that the identified trends of the 
drought properties are sound despite the fuzziness of the event constraints, as 
these are driven primarily by hydro-meteorological trends and the aggregation 
period  of  the  drought  index.  Significant  limitations  of  the  identified  trends 
remain: The inclusion of 24 years falls short of a climatological period defined as 
30 years by the WMO (WMO, 1989), and the occurrence of extensive extreme 
events in the beginning (1995/1996) and at the end of the study period (2018) affects 
the determined trend slope.  It  is  crucial  to  conduct  these  analyses  based on 
climatological slices of more extended simulations, including earlier years (e.g., 
from 1990), and expand the simulations to the future using climate scenarios as 
forcing. 

While this study's account for different drought time scales includes multiple 
aggregation periods of the drought index and yields insights on the effect of 
varying water deficit aggregations, this approach leaves several open questions. 
Firstly,  depending  on  the  hydro-meteorological  conditions  and  local 
characteristics, the time scale of water deficits that are of interest to ecosystem 
process  anomalies  may  vary,  i.e.,  Tr in  one  region  might  show  significant 
responses for events of one tagg, but also another tagg under another circumstance. 
Therefore,  we  recommend  further  distinguishing  the  ecosystem  processes 
drought responses not only per pixel, but also per event, to systematically distill 
the interrelations of water deficits, aggregation times, climate, and local traits. 
Additionally, using a more granular and extended array of aggregation periods 
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may yield more explicit results on the effect of tagg on the drought event properties 
and the impact on ecosystems. The application of aggregation times gives us an 
understanding  of  how the  selected  processes  respond to  droughts  as  events. 
However, in CLM5, the vegetation functions are regulated by the plant's real-
time matric potentials; thus, for a more mechanistic understanding of the drought 
responses, non-aggregated anomalies may yield more notable responses.

While this study focuses on the overall distribution of drought event properties, 
analyzing  the  most  significant  drought  events  is  of  greater  importance  and 
practical  significance for  monitoring societal  impacts  and predicting optimal 
water management strategies and agricultural practices. These massive events 
correspond to most other events non-linearly in terms of their sizes and severity. 
They might exhibit property trends that differ from the entire sample size. On the 
other hand, due to the sizeable spatiotemporal extent, these events might cause 
very heterogeneous responses, given that a more diverse land surface and PFT 
distribution across the event extent is expected. We recommend further in-depth 
studies  on the most  significant  drought events,  focusing on their  impact  on 
ecosystem services. 

Our  results  exemplified  the  application  of  these  multi-scale,  multi-variable 
drought  event  data  by  analyzing  the  drought  responses  of  ecosystems.  This 
highlights  the  complex  relationships  between  water  deficits  in  different 
hydrological compartments and vegetation processes. Some of these response 
gradients seem to agree with aridity gradients across Europe (e.g., Tr responses to 
VPD droughts),  and other response patterns correspond to PFT distribution 
maps (e.g., GPP responses to SMr droughts). These responses, irrespective of the 
drought type, are modulated in magnitude and even sign by the aggregation 
period used to determine the drought index. Further, contrasting responses of ,β  
which directly indicate stomatal conductance attenuation to water shortages, to 
SMr, VPD, and compound drought events, exhibit the spurious link between the 
locally  relative definition of  drought events  and their  actual  importance and 
impact. These divergent responses have been found throughout recent literature. 
Our findings, however, especially the contrasting reactions of ,  suggest thatβ  
these  reactions  are  not  necessarily  responses  to  water  limitation,  but  more 
complex  interactions  to  phenomena  co-occurring  with  drought  events.  We 
experimentally calculated drought indices based on  β Figure C.18), and identified 
events in the same manner as with the hydrological variables to analyze the 
respective Tr responses. The positive Tr responses in Northern Europe and the 
Alps correspond well with areas of significantly low mean rooting depth and low 
mean  (β Figure C.19 and  Figure C.20), showcasing how vegetation in humid 
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regions is limited in their processes due to limited access to water in deeper soil 
layers. The  factor is a relatively fuzzy definition of water limitation: Here, theβ  
used CLM5 output is the daily minimum of the attenuation factor.  Plants in 
regions with high precipitation often have shallow roots because water frequently 
passes  through  the  surface  soil  layers,  thus  making  deeper  roots  obsolete. 
However,  during  non-rainy  periods,  these  layers  will  be  emptied  quickly  by 
percolation and root water uptake, and the daily minimum  will reach relativelyβ  
low values. As a result, deviations of the daily minimum  in these regions mayβ  
not be as informative about general water limitations of ecosystems as in other 
areas, and the most practical drought indicator for ecosystem processes demands 
further work and considerations of these local dynamics.

Crucially, implementing the plant hydraulic stress (PHS) module improved the 
functionality of vegetation drought responses in CLM5 over previous versions 
(Kennedy et al., 2019). In this, the vegetation water stress is simulated by water 
potentials from the soil to the leaf, which may attenuate the transpiration and 
adjust the mean depth of soil water extraction by roots. While there is uncertainty 
related to the coupling of the Medlyn gs model with PHS, further implications for 
our study are, e.g.,  the simplified root water definition (the mean root water 
uptake depth is not adjusted through time but is assumed to be the depth of the 
centroid  of  the  root  system),  and  potentially  overestimated  compensatory 
extraction of  soil  water  during dry conditions.  More generally,  vegetation in 
CLM5 is limited spatiotemporally in its diversity: The relatively coarse concept of 
plant functional types, e.g., does not allow for functional added values for diverse 
forests as opposed to single-PFT forests, which were found to have significantly 
higher drought resilience  (W. R. L. Anderegg et al., 2018; Moreno et al., 2024; 
Rohde  et  al.,  2024).  Furthermore,  the  spatiotemporal  constraints  of  PFT 
distributions (i.e., static sets of parameters) do not adjust for functional vegetation 
acclimation to a drying environment or even ecosystem transformations based on 
eco-evolutionary principles toward a practical optimum (L. D. L. Anderegg et al., 
2022; Hähn et al., 2024; Kinzinger et al., 2023; Van Bodegom et al., 2012). 

A more detailed consideration of regional functional dependencies of drought 
properties and impacts with the hydro-climate and the present PFTs may shed 
further  light  on  the  complex  responses  we  found  in  this  study.  Another 
complicating circumstance is that a certain level of water limitation is the norm 
for  many  ecosystems,  and  conceptualizing  a  relative  level,  by  which  water 
limitation  is  actually  harmful,  remains  elusive. Further  ecological  modelling 
approaches  are  needed  to  project  water  limitations  and  affected  ecosystem 
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processes to persistent impacts on ecosystem health and evocation of ecosystem 
transformations, and comprehensively introduce these into land surface models.

5.5 Conclusions

In this work, we presented analyses of drought events based on simulations with 
a  high-resolution  setup  of  the  Community  Land  Model  version  5  over  the 
European continent. A generizable, three-dimensional clustering algorithm was 
applied to identify spatiotemporally explicit drought events based on drought 
indices of various aggregation periods calculated from multiple meteorological 
and  hydrological  variables.  The  algorithm  identified  the  significant  massive 
drought  events  of  1996,  2002-2003,  2015,  and 2018,  which agree  with previous 
literature.

Our findings show that, on average, drought events involving dynamic variables, 
such as precipitation and vapor pressure deficit, propagate faster but last shorter 
than  events  involving  more  inert  variables,  such  as  soil  moisture  and 
groundwater. Further, the aggregation period affected the distributions of the 
drought  event  properties:  more  extended  aggregation  periods  brought  more 
durable and more severe droughts, which propagated more slowly. Those effects 
were less apparent for vapor pressure deficit droughts. The drought properties 
exhibited  temporal  trends,  with  increasing  severity  of  vapor  pressure  deficit 
droughts (0.22±0.11 ×107 km2 days year-1) and decreasing severity of groundwater 
droughts (-0.28±0.38 ×107 km2 days year-1).

Finally, we identified the responses of ecosystem processes (transpiration, gross 
primary production, and water stress). Our results exhibit complex patterns of 
these responses, with magnitude variations and even differences in sign across 
Europe. Importantly, regional differences match PFT distributions and aridity 
gradients. The PFTs control the drought impacts through parametric regulations 
of stomatal conductance and root depth distributions. This work is the first to 
identify  droughts  in  multiple  hydrological  compartments  across  various time 
scales and contextualize their properties and relevance for ecosystem processes. 

These results are essential to understanding droughts as event-scale phenomena 
and  present  a  holistic  approach  to  projecting  their  impacts  on  ecosystem 
processes.
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6 Synthesis and conclusions

Climate  change  and  increasing  drought  frequency  and  severity  threaten  the 
stability of ecosystem processes, with grave implications for human livelihoods 
through inhibited ecosystem services. More specifically, it is crucial to quantify 
ecosystem  processes  variability,  particularly  for  water  and  agricultural 
management applications. For that, a continuous research-guided development 
of land-surface models is indispensable.

The following sections will synthesize the outcomes of the individual research 
works in Chapters  3,  4,  and  5,  by cutting across the connected findings and 
discussing related interactions and overarching controlling factors. Additionally, 
promising research questions that would carry the results of this research project 
forward will be proposed.

6.1 Emerging patterns of terrestrial ecosystem process 
variability in Europe

The  constituent  studies  of  this  thesis  are  large-scale  analyses  of  data  on 
spatiotemporal ecosystem processes. Independently, using different data sources, 
they found how ET, GPP, and WUE vary in the long term with the changing 
climate, how they respond to droughts locally, and how these local signals form 
geographical patterns on the European continent. Further, there are apparent 
gradients of ecosystem drought responses and drivers along hydroclimates and 
PFTs. 

The geographical  regions featuring the most striking results  in this  research 
project are: Central Europe, Eastern Europe, Southern Europe, the Alps, and 
Scandinavia.  It  is  important  to  emphasize  that  these  emerging geographical 
patterns result from a physical template of the climate and local factors on the 
land surface that modulate these signals. These factors are interconnected, e.g., 
hydroclimate and PFT response gradients, as climate is a primary determinant of 
the arising ecosystem types. However, many local features, such as microclimate, 
soil  characteristics,  extreme events,  and disturbance,  further  influence which 
PFTs can establish. Consequently, an area with a similar hydroclimate can have a 
wide range of present PFTs, and the same PFT can be sustained across a range of 
hydroclimates. In any case, the vegetation’s physiology and the resulting plant 
traits have evolved to the local conditions.
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Central and Eastern Europe frequently show uniform trends and responses of 
ecosystem processes. The presented studies show largely negative EWUE and 
TWUE trends in Central and Eastern Europe, where EWUE and TWUE also 
responds  negatively  to  droughts.  In  these  regions,  water  use  predominantly 
controls WUE variability, but less so during droughts. Concurrently, the most 
significant  large-scale  drought  events  appear  mostly  in  Central  and  Eastern 
Europe. This highlights the importance of these regions’ drought responses, as 
their  impacts  scale  across  the  extensive  area  and  duration  of  the  events, 
anticipating significant losses of ecosystem services with economic implications. 
Chapter  5 shows  that  vapor  pressure  and  soil  moisture  drought  events  in 
impactful  aggregation  periods,  which  negatively  affect  GPP  and  ET,  are 
increasing  in  severity  in  Europe.  In  this  light,  urgent  considerations  on 
agricultural  and  water  resource  management  adaptations  and  measures  to 
increase drought resilience of natural ecosystems are required in Central and 
Eastern Europe. A more refined analysis of the trends of drought properties, 
which points out drought property trends for individual European subregions, 
would  provide  essential  background  information  for  this  concern.  Research 
infrastructures  must  improve  the  present  network  design  and  expand 
standardized  observations  to  the  Eastern  European  region,  which  is 
underrepresented geographically in currently available situ observation data sets 
(Ohnemus et al., 2024). 

While  EWUE  and  TWUE  increased  in  Scandinavia,  the  detected  drought 
responses and the high sensitivity to water use are similar to Central and Eastern 
European regions. GPP prevailed as the primary driver of EWUE and TWUE 
variability  along  the  Norwegian  coastline.  GPP  and  Tr responses  to  vapor 
pressure, soil moisture, and compound drought events are extensively positive. 
There are similar features of trends and drought responses in the Alps region. 
These collated results show a spurious relationship between drought events from 
hydrological  variables  and  actual  vegetation  water  stress.  Further,  there  are 
positive drought responses in these very humid hydroclimates for Tr and GPP, but 
not for EWUE and TWUE. The vegetation likely exploited increased energy 
availability  and  sufficient  soil  water  during  drought  periods  to  increase 
productivity in these humid regions. While this does not hint at imminent risk to 
ecosystem  function  in  Scandinavia  and  the  Alps,  increasing  severity  of 
atmospheric droughts might slowly deplete soil moisture reserves in the long 
term. Studies analyzing the drought responses to long-term change in climate 
change conditions could provide further insights on this issue, using the holistic 
drought  approach  presented  in  Chapter  5.  Further  model  developments 
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improving the representation of the steep ecohydrological gradients are expected 
to  improve  the simulation of  vegetation water  availability  and management, 
especially in mountainous regions like the Alps.

The isohydric-anisohydric continuum characterizes the plant capacity to adjust 
stomatal  conductance  and  vegetation  water  potential  in  response  to  dry 
conditions.  Isohydric  ecosystems  adapt  the  stomatal  conductance  quickly  to 
retain a constant water potential and save water in dry conditions. In contrast, 
anisohydric ecosystems maintain a constant level of stomatal conductance and 
carbon  uptake  even  during  dry  conditions.  PFTs  are  generally  not  a  good 
predictor of isohydricity. Except for evergreen needleleaf forests, which are more 
isohydric ecosystems, and face a greater mortality risk than anisohydric species 
under climate change scenarios, because extended stomatal closure to save water 
finally starves the ecosystem of carbon, with detrimental effects on metabolism, 
particularly defense mechanisms against pests and diseases  (Y. Liu et al., 2017; 
Meinzer et al., 2017; F. Wang et al., 2024).  Specifically in Central, Eastern, and 
Northern Europe, where this PFT is abundant, the increasing drought severity 
trends might initiate an ecological negative spiral, with potentially widespread 
transformational impacts. In the evaluation study, ET and GPP from CLM5 at 
evergreen needleleaf forest sites compared well to ICOS observations, in terms of 
the phenology and the yearly cycle. Further research on PFT-specific drought 
responses in CLM5 across Europe, also using future climate scenarios, might be 
crucial  to  disentangle  the  climate  change  and  drought-related  risk  of  these 
ecosystems.  Additionally,  analyzing the shifts  of  phenological  dates  in future 
climates could provide important insights, given that recent changes in growing 
season length are driven by atmospheric dryness (Rahmati et al., 2023), and the 
reported increasing vapor pressure drought severity.

In  the  remote-sensing-based  study  in  Chapter  3,  grasslands  in  humid 
hydroclimates showed a relatively small, negative EWUE and TWUE drought 
response, and in semi-arid hydroclimates, a small positive EWUE and TWUE 
drought response. Also in CLM5 simulations over Europe, there is a functional 
distinction between the grasslands present in Norway and the Alps, showing 
negative  drought  responses  (C3 arctic  grasslands  PFT) and the grasslands  in 
Turkey  showing  positive  drought  responses  (C3 grasslands),  with  a  lower 
parameterized intrinsic leaf-level WUE for the C3 arctic grasslands. 

However, grassland-related PFT-specific analysis differs between the presented 
studies: the land cover on the Norwegian coast is categorized as tundra in Chapter 
3, and as grasslands in Chapters 4 and 5 (all land cover and PFT data used are 
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based on MODIS remote sensing, but a different land cover and PFT classification 
system  was  employed  in  Chapter  3 compared  to  the  CLM5  input  used  in 
Chapters 4 and 5). The evaluation study, Chapter 4, finds that the grassland PFT-
scale ET shows higher RSME and lower correlation values than GLASS remote 
sensing, and GLEAM and ERA5-Land reanalyses when evaluated locally against 
ICOS. Further, CLM5 underestimated the summer ET and GPP at grassland 
stations.  However,  only  grasslands  in  semi-humid,  humid,  and  very  humid 
hydroclimates  were  considered.  Hence,  it  does  not  provide  a  performance 
indication of grasslands in semi-arid regions.

In most of semi-arid Southern Europe, EWUE and TWUE increased. Incidentally, 
drought responses in this region are primarily positive. The widespread, prevalent 
Tr control  of  TWUE  here,  combined  with  increased  GPP  control  during 
droughts, indicates an effective regulation of water and carbon conductance by 
the  vegetation.  However,  generally  lower  water  availability  combined  with 
increased atmospheric dryness could drive this region quickly to conditions that 
put even well-adapted ecosystems at risk. Essentially, Southern Europe also has a 
more arid hydroclimate than Central and Eastern Eurpe, and different dominant 
PFTs, such as grasslands and evergreen broadleaf forests,  which functionally 
explains the difference in the emerging patterns from the rest of the continent. 
These areas with semi-arid hydroclimate experienced disproportionate decreases 
of  Tr and  GPP,  resulting  in  increased  WUE during  droughts.  This  outlines 
modulations towards a more efficient water use to save water in semi-arid areas, 
which  is  unnecessary  in  very  humid  areas,  where  the  relative  definition  of 
droughts likely does not indicate water shortages for ecosystem processes, and 
ecosystems do not need to adapt 

These patterns show a continent at an ecohydrological tipping point: Southern 
European regions leverage adaptive strategies for resilience. At the same time, 
Central and Eastern Europe’s ecosystems already face systemic risks. Moreover, 
increasing drought frequency and severity will be a critical development across 
the continent. 

6.2 Recommendations for research infrastructures

Locally observed data is invaluable for evaluating model performance, developing 
new process models, and creating high-level data products by merging these data 
into model simulations. The presented studies show that the current network 
design  of  European  research  infrastructures  exhibits  a  significant  bias  that 
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inhibits the detection of ecological change hotspots and a thorough evaluation of 
the continental modeling results. 

For example, the ICOS station network does not cover the Eastern European 
region. However, the simulated significant WUE trends and widespread negative 
drought responses of ecosystem processes in Eastern Europe outline a potential 
hotspot of ecosystems at risk,  which could not be evaluated or verified with 
ground  truth  data.  Further,  Southern  and  Northern  Europe  are  also 
underrepresented in terms of station density when compared to Central Europe. 
Particularly, the non-forested areas, such as shrubs and grasslands, are less well 
represented in the network, which makes it difficult to assess and improve the 
general model performance, and evaluate our findings in these regions. These 
regions experience significant pressure from land use change and climate change, 
and are found to be underrepresented in the eLTER RI (Ohnemus et al., 2025).

These  geographical  biases  were  confirmed  in  a  separate  study,  analyzing 
additional  ecological  and  climatological  dimensions  across  the  eLTER  RI 
network, which largely overlaps with the ICOS RI network  (Ohnemus et al., 
2024). Additionally, croplands were found to be underrepresented. Furthermore, 
a consistent coverage of observed variables across the stations and the spheres is 
of  significant  importance  to  facilitate  a  Whole  System  Analysis  framework 
(WAILS), which entails studies across the atmosphere, sociosphere, biosphere, 
hydrosphere, and geosphere (Mirtl et al., 2021), and across plant, landscape and 
regional scales. Further, the co-location of research infrastructures (e.g., eLTER 
and ICOS) at a set of sites can help achieve these holistic and harmonized data 
sets (Futter et al., 2023) for interdisciplinary studies. A practical, straightforward 
example of leveraging data from co-located RIs and different scales would be 
using plant traits and biodiversity data to constrain ecosystem model parameters 
while assimilating carbon and water fluxes from ICOS, to create accurate and 
consistent predictions of ecosystem processes across the continent. For example, 
eLTER biosphere data can inform on species traits to determine PFT parameters, 
while  ET and  GPP states  could  be  updated  using  assimilation  of  ICOS EC 
measurements.

On the basis of work presented in this thesis and other work (Futter et al., 2023; 
Ohnemus et al., 2024, 2025; Poppe Terán, Naz, Strebel, et al., 2025), three main 
recommendations  are  outlined  for  future  environmental  RI  development  in 
Europe:

1. Homogenized, curated, comprehensive datasets from plant to ecosystem 
scale enable a straightforward, efficient, continental-scale analysis.
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2. Compilation of observation data across spheres and scales, to facilitate a 
holistic analysis of as much of the present functional diversity as possible.

3. Continuous integration of continental-scale modelling to identify 
hotspots of environmental change, and the potential for RI network 
design extensions.

6.3 Improving and extending the European CLM5

While land surface models are already a vital  tool to approximate ecosystem 
processes consistently and on a large scale, improvements of the input data and 
methods  to  make  the  simulations  more  accurate  will  always  be  required. 
Specifically, the evaluation study in Chapter 4 yielded important insights on the 
flaws in the current setup of the European CLM5. The following sections outline 
changes in the input data, the model structure, and the model setup that would 
elevate the simulations of ecosystem processes with the European CLM5.

Various studies have reported the sensitivity of land surface models, in particular 
CLM5,  to  input  data  (Post  et  al.,  2018;  Fisher  et  al.,  2019;  Song et  al.,  2020; 
Oloruntoba et  al.,  2025).  The appropriate choice of input data is  essential  to 
facilitate  consistent  and  accurate  simulations  of  ecosystem  processes.  For 
distributed  simulations  over  regions,  continents,  and  the  whole  globe,  the 
resolution  of  the  land  surface  static  input  information  and  the  atmospheric 
forcing matter, as they represent the heterogeneity of the land surface better and 
allow for, e.g., better resolved land surface fluxes and soil water flows and more 
accurate responses to extreme conditions (Prein et al., 2016; Wahl et al., 2017; Naz 
et  al.,  2019).  Further,  the novelty and precision of the raw data (e.g.,  remote 
sensing data) and processing method (e.g.,  land cover and PFT classification 
method) are essential factors when choosing the input. In more detail, more novel 
data is of higher interest in terms of innovation potential. However, it must also 
be beneficial in terms of data accuracy compared to older data sets.

Replacement of the atmospheric forcings, land cover, and soil texture data would 
be a promising improvement to the European CLM5. The atmospheric forcing 
that was used, the COSMO Reanalysis 6, still has the highest spatial resolution (6 
km) among atmospheric data over the European CORDEX domain (Wahl et al., 
2017). However, the limited period (1995 to August 2019) and the lack of updates 
(its  boundary  conditions  are  based  on  the  ERA Interim reanalysis,  and  the 
successor,  ERA5,  has  already  been  available  since  2018)  are  significant 
disadvantages. Running CLM5 with statistically downscaled ERA5 data has the 
disadvantage  of  the  relatively  coarse  resolution,  and,  as  a  result, 
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misrepresentation of e.g., convective rainfall events (Prein et al., 2016). However, 
it is heavily evaluated by the scientific community. Furthermore, it provides data 
over an extensive period from 1940 until present, which offers the opportunity to 
implement a more comprehensive spin-up procedure.

The static input data, soil texture, land cover, and PFT distribution significantly 
impact  how well  the  European CLM5 represents  the  actual  conditions  (P.  J. 
Lawrence & Chase, 2007; Fisher & Koven, 2020; Longo et al., 2019; L. Li et al., 
2022).  Studies  have  shown  improvements  in  the  simulation  of  hydrological 
processes when introducing high-resolution soil texture and PFT maps, often in 
combinations with meteorological forcing datasets (Fatichi et al., 2020; X. Li et 
al., 2024; Malle et al., 2024). For example, the SoilGrids soil texture data at 250m 
resolution  (Hengl  et  al.,  2017) simulates  water  cycle  components  over  Africa 
similarly in comparison to the coarser, default FAO soil texture input  (IGBP, 
2000), with only a small influence of the applied upscaling method (Oloruntoba 
et al., 2025). The land cover and the corresponding PFT distribution changed 
rapidly in recent decades, so an up-to-date land cover representation for models 
is a promising improvement opportunity (Hurtt et al., 2020). Notably, while using 
higher-resolution,  alternative  PFT  distributions  would  improve  the 
representation of land surface heterogeneity, these might not be compatible with 
the default set of PFT parameters in CLM5, thus misrepresenting the carefully 
calibrated vegetation functionality distribution. Hence, concurrently to updating 
PFT  maps  over  Europe,  PFT  parameter  optimization  efforts  have  to  be 
considered.

Another interesting improvement to the European CLM5 model would include 
spatially  resolved  atmospheric  CO2 concentrations,  given  that  the  local 
concentrations can vary substantially, depending on the distance and magnitude 
of emission locations and wind conditions. The atmospheric CO2 concentration 
co-determines the carbon gradient between the canopy and the leaf, influencing 
the overall carbon uptake, leaf carbon, and area, as well as evapotranspiration. 
Especially in areas close to dominant carbon emitters, these local concentrations 
could differ substantially from the global mean. Until now, this was impossible, 
especially over large study domains, because data on CO2 emissions from the land 
surface were scarce. However, recent developments in sensing and modelling of 
carbon emissions (Dou et al., 2022; Z. Liu et al., 2020, 2024; Z. Wu et al., 2024), 
combined  with  high-resolution  atmospheric  models,  could  provide  essential, 
gridded CO2 concentration information to force the carbon cycle in CLM5 over 
Europe. All in all, studies analyzing the effect of different atmospheric forcings 
and  different  soil  and  vegetation  inputs,  and  replacement  with  the  most 
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appropriate,  should  be  carried  out  regularly  to  maintain  a  state-of-the-art 
continental model that serves for research and scientific services. 

A spin-up procedure is necessary to create adequate initial conditions for the 
terrestrial carbon pools in CLM5. In practice, around 10 years of atmospheric data 
is cycled to force the carbon cycle simulations until a steady state is reached. This 
omits the systematic trend biases in the production simulations, which occur 
when the BGC model approximates the steady state from arbitrary conditions. 
This is because any simulation of carbon pools and fluxes starting from non-
steady conditions will  converge towards to the equilibrium state.  However,  a 
steady state in the terrestrial ecosystems is a conceptual pitfall: Global and local 
pressures, such as land use and land cover change and also climate change, drive 
long-term trends in ecosystem processes, and cannot be assumed to be in steady 
state. Instead, they are transitioning to another steady state. Additionally, the 
conditions defining the possible steady states change with the climate. To include 
these trends observed in contemporary ecosystems (e.g., carbon sources and sinks 
transformations),  it  is  critical  to  integrate  these  long-term  trends  in  the 
production simulations, instead of running the BGC model in continuous steady 
state. For that, a spin-up should be carried out for a period when ecosystems were 
close to an actual equilibrium, which should be before climatic changes were 
strong transformational factors. Thus, the availability of atmospheric forcing data 
for the past centuries is essential. Further aspects of land use and land cover 
change, such as deforestation, and human management (such as wood harvest), 
should also be considered.



Chapter 6: Synthesis and conclusions

153

Figure Synthesis and conclusions.7: Schematic of an updated spin-up design. On the y-axis is the value of an 
arbitrary biogeochemistry (BGC) variable experiencing a trend over time (x-axis). The dashed line shows 
the qualitative evolution of the simulated variable with the new spin-up design. The dotted line is the 
qualitative evolution of the variable of the old spin-up design. Adopted from Poppe Terán, Naz, Strebel, et 
al., 2025. 

A more comprehensive concept for the spin-up involves, three steps:

1. A long-term spin-up with atmospheric forcing close to steady-state in the 
past conditions. In this phase, the steady state of the carbon pools and 
fluxes is approximated.

2. A transition simulation that follows the trends and transitions after the 
spin-up. During this simulation, the climatic changes will drive long-term 
trends in the carbon cycle, so that sources and sinks can emerge, and the 
transitioning states are well represented.

3. A production simulation after the transition period, where the trends are 
well-represented  and  carbon  states  and  pools  follow  the  naturally 
occurring long-term changes, including land use and land cover change 
scenarios.

However,  any  long-term  BGC  spin-up  over  high-resolution  and  large-scale 
domains will be computationally expensive, as it takes over 1000 years until a 
steady state is reached for most of the included pixels. Exploring methods that 
approximate the steady states of carbon pools more efficiently than the traditional 
method  is  worthwhile.  For  example,  machine  learning  algorithms  that  can 
approximate  the  carbon  states  based  on  the  present  local  information  and 
climate (Sun et al., 2023), reduce computational costs by up to 80%. Or advanced 
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semi-analytical  spin-up  methods  that  need  one  order  of  magnitude  less 
computational  effort  than  the  traditional  method  (Liao  et  al.,  2023).  These 
methods are still  in development and are not easily transferable across grids, 
domains, and simulation setups. In the future, they will play a critical role in 
advancing research in carbon cycle modelling, as large-scale experiments will 
become easier to implement and more accessible to researchers with limited 
access to high-performance computing infrastructures.

Chapter  4 outlines  the  ability  of  CLM5  to  simulate  ecosystem  processes, 
particularly ET and GPP over Europe. Concurrently, it discovered limitations 
when compared to ICOS observations. The following section proposes specific 
developments to improve the representation of ecosystem processes in the model 
structure and setup designs with the European CLM5 that could offer valuable 
services.

Functional distinction of the vegetation in CLM5, and any other land surface 
model, is done by discretizing the vegetated land surface into PFTs. Then, each 
PFT follows a set of equations with a given set of parameters to calculate the 
PFT-scale  processes.  Thus,  the  models  assume  a  convergence  of  ecosystem 
functioning for each PFT group. However, PFTs as fitting functional types were 
questioned mainly because they do not systematically cover the multidimensional 
space of plant traits (Harrison et al., 2021; Van Bodegom et al., 2014). For example, 
the parametrization of water-use efficiency in the Medlyn stomatal conductance 
model (g1 parameter) is implemented on the PFT level in CLM5, but it is found 
to vary substantially within one PFT across its spatial extent and even in time (Lin 
et al., 2015; Medlyn et al., 2011). Further, hydraulic plant trait parameters do not 
converge  significantly  across  PFTs,  resulting  in  spurious  parametrization  of 
drought  sensitivity  (such as  the  maximum conductance,  kmax,  and the  water 
potential at 50% conductance loss, p50) (Y. Liu et al., 2017; Meinzer et al., 2017; F. 
Wang et al., 2024).

The PFT concept has recently been widely proven to be outdated because it does 
not sufficiently explain the variance of global ecosystem processes (Cranko Page 
et  al.,  2024).  Alternatively,  trait-based  modelling  encompasses  a  continuous 
functional  space  for  local  and  time-variable  parameters  (Kattge  et  al.,  2011). 
However, there is limited information to constrain these parameters across large 
areas of the terrestrial surface, and the spatial convergence of these plant traits 
suggests that a functional grouping is possible and a sensible approach, as it 
requires less distributed trait data and would be more computationally efficient. 
Implementing a local parameter distribution in CLM5 (by resolving functional 
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types locally rather than globally), and combining it with local trait and processes 
measurements from a distributed European RI would be an intriguing start to 
investigate  where  and  how ecosystem functioning  converges,  and  what  this 
implies for optimal functional groupings of vegetation in land surface models. In 
the best case, this approach could overarch from plant to stand and ecosystem 
levels, so that multi-scale measurements can be implemented and the simulations 
would allow for analyses and interpretations across all these scales. In practice, 
this would help compare outputs from the CLM5 model to observations from 
different  scales  and  interpret  the  resulting  outputs  for  scale-based  scientific 
inference. This goes beyond additional subgrid functionality that is developed for 
future-generation land surface models, such as hillslope tiles, microclimate, and 
soil nutrients (Arboleda Obando et al., 2022; Hes et al., 2024; M. Jones et al., 2023; 
Longo et al., 2019; Swenson et al., 2019). 

In any case, any introduction of new processes must carefully consider on which 
scale it is applied, and whether the interactions with other processes introduce 
biases. There is considerable uncertainty in land surface models, which stems 
from inadequately coupling processes across scales that rely on incompatible 
assumptions. For example, the Medlyn stomatal conductance model optimizes 
the carbon gain per water loss, while recently introduced plant hydraulic models, 
which are tightly coupled with stomatal conductance, prioritize water transport 
safety by simulating embolism resistance thresholds. The resulting feedback of 
the inconsistent coupling of these models is not well studied  (Kennedy et al., 
2019). Efforts are underway to unify the water and carbon economics within plants 
across species (Joshi et al., 2022). However, it must still be scaled based on trait 
distributions and adapted to PFT (or novel distinctions of plant functionality). 
These efforts will be instrumental in analyzing comprehensive drought responses 
from models across many ecosystems.

Lastly, there are ample opportunities to project the impact of climate change on 
ecosystem  processes  using  CLM5  and  future  climate  scenarios  or  storyline 
simulations.  Specifically,  the  impacts  of  increasing frequency and severity  of 
extreme events over the European continent are intriguing to analyze. Data from 
climate projections can be derived using emission scenarios, such as the Coupled 
Model Intercomparison Project (CMIP), and can be downscaled and used as 
forcing.  Alternatively,  storyline  scenarios  extrapolate  current  conditions  to 
hypothetical  future  conditions,  e.g.,  projecting  how  the  terrestrial  system 
functions change in a +2K warmer future  (Klimiuk et al., 2025; Martin et al., 
2025). Further, it is essential to consider different agricultural adaptations and 
forest management strategies in future climate conditions by implementing, e.g., 
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new crop routines  (Boas et al., 2021; Dombrowski et al., 2024) and crop types 
depending on the expected climate in the growing season in the European CLM5. 
Importantly,  introducing  comprehensive  irrigation,  and  other  human  water 
abstractions, into the European CLM5 could provide insights into the human 
influence on droughts, especially in future scenarios (Wanders & Wada, 2015).

6.4 Integration of models and observations

Together with continuous improvements to the European CLM5 model outlined 
in Chapter  6.3, a tight integration of remote and in situ observations into the 
model promises accurate information on the states of the European ecosystem 
processes in the present and future. The following section highlights the potential 
to fuse observation data into the European CLM5 model.

Prior  parameter  optimization  might  be  necessary  for  accurate  predictions, 
especially for future climate projections. Notably, developing an emulator of, e.g., 
the CLM5 drought response of ecosystem processes might be helpful and efficient 
for highly computation-intensive iterative parameter optimization methods, such 
as  Markov Chain  Monte  Carlo  approaches  (Keetz  et  al.,  2024),  focusing  on 
sensitive  parameters  driving  ET and  GPP  variation  (Eloundou  et  al.,  2025). 
Notably, these methods would infer a static value, which contradicts its variation 
due to, e.g., vegetation acclimation. However, this is required to implement as a 
PFT parameter  in  CLM5,  which  best  approximates  the  observations  of  the 
respective ecosystem processes. However, this approach does not consider mid-
term and long-term vegetation adaptations,  e.g.,  acclimation to new climatic 
conditions, which would alter the vegetation trait and result in a time-variable 
PFT parameter. A comprehensive approach constrained by observed plant traits 
that  formulates  PFT parameters  as  a  function  of  the  changing  climate  and 
environment has not yet been implemented.

Reanalyses are the gold standard for analyzing Earth System variables. They are 
invaluable because they use information from measurement distributions and 
errors, as well as model errors, to update model states. As a result, they extend the 
scarce available observations in a spatiotemporal  consistent manner, yielding 
gapless time series of the state-of-the-art understanding of the terrestrial system 
with physical consistency (Baatz et al., 2021). There are several available reanalysis 
products  for  the  land  surface,  e.g.,  the  Carbon  Data  Model  Framework 
(CARDAMOM) (Bloom & Williams, 2015). However, a comprehensive reanalysis 
summarizing the water and carbon cycle by jointly assimilating hydrological and 
ecological  variables remains challenging.  The large-scale in situ observations 
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from the atmospheric, hydrological, and biological spheres offered by continental 
research  infrastructures,  such  as  ICOS  and  eLTER,  bring  an  excellent 
opportunity to include ground truth data when creating a European ecosystem 
reanalysis. Further, remotely sensed information provides spatially extensive data 
to complement the in situ RIs. For example, soil moisture from the European 
Space Agency Climate Change Initiative (ESACCI) (Dorigo et al., 2017) was used 
to update land surface states of CLM3.5 over Europe in a study by  Naz et al., 
2020. Other studies assimilating remotely sensed soil moisture into land surface 
models also achieved an improved characterization of soil moisture, but did not 
improve other hydrological variables, like runoff and evapotranspiration (Lu et 
al., 2020; Naz et al., 2019; Strebel et al., 2023; H. Zhao et al., 2025).  Multivariate 
assimilation of hydrological and vegetation-related observations (e.g., remotely 
sensed  leaf  area  index)  could  improve  the  simulated  ecosystem  more 
comprehensively. Further, total water storage from the Gravity Recovery and 
Climate Experiment (GRACE)  (Landerer & Swenson, 2012) and LAI from the 
Moderate Resolution Imaging Spectroradiometer (MODIS) (Myneni et al., 2015)
can be used in the assimilation. The coupling of CLM5 and the Parallel Data 
Assimilation  Framework  (PDAF)  offers  an  excellent  opportunity  to  fuse 
observations and the European CLM5 using different assimilation techniques 
(Strebel et al., 2022). 
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A Appendix to: Rising water-use efficiency in 
European grasslands is driven by increased 
primary production

Figure  A.1:  Hydro-climates  (colormap,  defined  by  annual  precipitation  thresholds,  see  Table  A.1)  and 
PRUDENCE regions (Giorgi et al., 2009; Jafari et al., 2018). IP: Iberian Peninsula, MD: Mediterranean, FR: 
France, AL: Alps, EA: Eastern Europe, BI: British Islands, ME: Mid / Central Europe, SC: Scandinavia.
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Figure A.2: Distribution of FLUXNET (circles), ICOS (triangles) and SAPFLUXNET (squares) stations. The 
colors of the markers indicate the coefficient of determination R² (colormap) for gross primary production 
(GPP)(a), evapotranspiration (ET)(b) and transpiration (Tr)(c).

Figure A.3: Land cover over the study domain from IGBP-modified MODIS 20 land-use categories. 
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Table A.1: Hydro-climates and defined annual precipitation (Pa) thresholds.

Hydro-climate Annual precipitation (Pa) thresholds [mm]

Very humid Pa ≥ 1200

Humid 700 ≤ Pa < 1200

Semi humid 500 ≤ Pa < 700

Semi arid 250 ≤ Pa < 500

Arid 100 ≤ Pa < 250

Very arid Pa< 100

Table A.2: Drought categories by thresholds of a drought index (SXI). These thresholds were applied to both 
SPI and SSI values to determine the severity of the drought as used in Figure 3.3 of the main article.

Drought Category Drought Index (SXI) Threshold

Extreme dry SXI < -2

Very dry -2 ≤ SXI < -1.5

Moderate dry -1.5 ≤ SXI < -1

Normal -1 ≤ SXI < 1

Moderate wet 1 ≤ SXI < 2

Very wet 1.5 ≤ SXI < 2

Extreme wet SXI ≥ 2
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Figure A.4: The median trend (a, b, c) and median drought response (d, e, f) aggregated over grid cells along 
land cover (x-axes, ENF = Evergreen Needleleaf Forest, DBF = Deciduous Broadleaf Forest, MF = Mixed 
Forest, GR = Grasslands, C = Croplands) and hydro-climates (y-axes). 

Figure A.5: The median relative trend slope from the grid cell wise Mann-Kendall trend analysis from grid 
cells  with corresponding dominant land cover (ENF = Evergreen Needleleaf Forest,  DBF = Deciduous 
Broadleaf Forest, MF = Mixed Forest, GR = Grasslands, C = Croplands). The median relative trends is  
calculated by the median slope of those grid cells divided by the median intercept.
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Figure  A.6:  Mean partial  correlations (colormap) at detected directed links from the PCMCI+ analysis 
between temperature (T), soil moisture (SM), shortwave incoming radiation (Rs) and canopy conductance 
(Gc) to gross primary production (GPP) aggregated over land cover (x-axes, ENF = Evergreen Needleleaf 
Forest, DBF = Deciduous Broadleaf Forest, MF = Mixed Forest, GR = Grasslands, C = Croplands) and hydro-
climates (y-axes).
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Figure  A.7:  Mean partial  correlations (colormap) at detected directed links from the PCMCI+ analysis 
between vapour pressure deficit (VPD) and transpiration (Tr) to canopy conductance (Gc) and incoming 
shortwave radiation (Rs), soil moisture (SM), VPD, and wind speed (W) to Tr aggregated over land cover (x-
axes,  ENF =Evergreen Needleleaf Forest, DBF = Deciduous Broadleaf Forest, MF = Mixed Forest, GR =  
Grasslands, C = Croplands) and hydro-climates (y-axes).
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Figure A.8:  Here we show partial correlations of GPP versus ET to EWUE (a), GPP versus transpiration 
(Tr) to TWUE (b) and GPP versus canopy conductance (Gc) to IWUE (c) from the PCMCI+ analysis similarly 
to Figure 3.4 in the main article but only for drought periods. Green colors show a stronger link between 
GPP and WUE variability, and pink colors a stronger link between water-use and WUE, while gray shows 
low correlations and dark purple strong correlations of both. On the right side, we show the change of 
relative area change with directed links between non-drought and drought periods (d, h, l) and the respective 
change of mean partial correlations (circle) across the continent (e, i, m). Lastly, we aggregate the change in 
partial correlations during droughts of those links (f, g, j, k, n, o) over land cover (x-axes, ENF =Evergreen 
Needleleaf Forest, DBF = Deciduous Broadleaf Forest, MF = Mixed Forest, GR = Grasslands, C = Croplands) 
and hydro-climates (y-axes) see Methods for a more detailed description.
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Table.A.3: FLUXNET2015 site data availability information and coefficient of determination (R²) with the 
interpolated GLASS gross primary production (GPP) and evapotranspiration (ET).

Site Code Latitude Longitude Start Year End Year N Years R² - GPP R² - ET

AT-Neu 47.12 11.32 2002 2012 11 0.65 0.73

BE-Bra 51.3076 4.5198 1996 2014 19 0.7969 0.7498

BE-Lon 50.5516 4.7462 2004 2014 11 0.4158 0.6768

BE-Vie 50.3049 5.9981 1996 2014 19 0.8259 0.7544

CH-Cha 47.2102 8.4104 2005 2014 10 0.5779 0.8279

CH-Dav 46.8153 9.8559 1997 2014 18 0.6405 0.5675

CH-Fru 47.1158 8.5378 2005 2014 10 0.7134 0.7406

CH-Lae 47.4783 8.3644 2004 2014 11 0.725 0.7836

CH-Oe1 47.2858 7.7319 2002 2008 7 0.5537 0.7991

CH-Oe2 47.2864 7.7338 2004 2014 11 0.372 0.7057

CZ-BK1 49.5021 18.5369 2004 2014 11 0.7039 0.6453

CZ-BK2 49.4944 18.5429 2004 2012 9 0.7047 0.6735

CZ-wet 49.0247 14.7704 2006 2014 9 0.777 0.8101

DE-Akm 53.8662 13.6834 2009 2014 6 0.7967 0.833

DE-Geb 51.0997 10.9146 2001 2014 14 0.5494 0.7468

DE-Gri 50.95 13.5126 2004 2014 11 0.7394 0.7693

DE-Hai 51.0792 10.4522 2000 2012 13 0.8139 0.8466

DE-Kli 50.8931 13.5224 2004 2014 11 0.5183 0.6573

DE-Lkb 49.0996 13.3047 2009 2013 5 0.5941 0.7711

DE-Lnf 51.3282 10.3678 2002 2012 11 0.8058 0.8037

DE-Obe 50.7867 13.7213 2008 2014 7 0.7338 0.7647

DE-RuR 50.6219 6.3041 2011 2014 4 0.7825 0.8995

DE-RuS 50.8659 6.4471 2011 2014 4 0.6267 0.8024

DE-Seh 50.8706 6.4497 2007 2010 4 0.5818 0.7269

DE-SfN 47.8064 11.3275 2012 2014 3 0.749 0.8758
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DE-Spw 51.8923 14.0337 2010 2014 5 0.8777 0.84

DE-Tha 50.9626 13.5652 1996 2014 19 0.8457 0.7349

DE-Zrk 53.8759 12.889 2013 2014 2 0.8265 0.8869

DK-Eng 55.6905 12.1918 2005 2008 4 0.7097 0.8365

DK-Sor 55.4859 11.6446 1996 2014 19 0.9202 0.858

ES-LgS 37.0979 -2.9658 2007 2009 3 0.2269 0.602

FI-Hyy 61.8474 24.2948 1996 2014 19 0.9093 0.8344

FI-Jok 60.8986 23.5135 2000 2003 4 0.6497 0.7566

FI-Let 60.6418 23.9595 2009 2012 4 0.8718 0.8641

FI-Lom 67.9972 24.2092 2007 2009 3 0.8537 0.7982

FI-Sod 67.3624 26.6386 2001 2014 14 0.8103 0.8082

FR-Fon 48.4764 2.7801 2005 2014 10 0.8276 0.8583

FR-Gri 48.8442 1.9519 2004 2014 11 0.4655 0.6215

FR-LBr 44.7171 -0.7693 1996 2008 13 0.6657 0.662

FR-Pue 43.7413 3.5957 2000 2014 15 0.3914 0.4659

IT-BCi 40.5238 14.9574 2004 2014 11 0.0259 0.51

IT-CA1 42.3804 12.0266 2011 2014 4 0.6549 0.6857

IT-CA2 42.3772 12.026 2011 2014 4 0.3282 0.3121

IT-CA3 42.38 12.0222 2011 2014 4 0.4748 0.7485

IT-Col 41.8494 13.5881 1996 2014 19 0.6799 0.7071

IT-Cp2 41.7043 12.3573 2012 2014 3 0.5305 0.7626

IT-Cpz 41.7053 12.3761 1997 2009 13 0.4681 0.6185

IT-Isp 45.8126 8.6336 2013 2014 2 0.742 0.8319

IT-La2 45.9542 11.2853 2000 2002 3 0.7812 0.6949

IT-Lav 45.9562 11.2813 2003 2014 12 0.7602 0.7545

IT-MBo 46.0147 11.0458 2003 2013 11 0.8252 0.8322

IT-PT1 45.2009 9.061 2002 2004 3 0.7463 0.8603

IT-Ren 46.5869 11.4337 1998 2013 16 0.7666 0.7354
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IT-Ro1 42.4081 11.93 2000 2008 9 0.5296 0.7576

IT-Ro2 42.3903 11.9209 2002 2012 11 0.3693 0.7277

IT-SR2 43.732 10.2909 2013 2014 2 0.7706 0.8171

IT-SRo 43.7279 10.2844 1999 2012 14 0.5607 0.4291

IT-Tor 45.8444 7.5781 2008 2014 7 0.8306 0.825

NL-Hor 52.2404 5.0713 2004 2011 8 0.8252 0.6789

NL-Loo 52.1666 5.7436 1996 2014 19 0.8552 0.698

‍∑ 60  569∑ Ø 0.67 Ø 0.74

Table A.4: ICOS Drought2018 site data availability information and coefficient of determination (R²) with 
the interpolated GLASS gross primary production (GPP) and evapotranspiration (ET).

Site Code Latitude Longitude Start Year End Year N Years R² - GPP R² - ET

BE-Bra 51.31 4.52 1996 2018 23 0.79 0.75

BE-Lon 50.5516 4.7462 2004 2018 15 0.4188 0.6574

BE-Vie 50.3049 5.9981 1996 2018 23 0.8295 0.7542

CH-Aws 46.5832 9.7904 2010 2018 9 0.6327 0.4476

CH-Cha 47.2102 8.4104 2005 2018 14 0.5837 0.8275

CH-Dav 46.8153 9.8559 1997 2018 22 0.5372 0.6758

CH-Fru 47.1158 8.5378 2005 2018 14 0.6628 0.7174

CH-Lae 47.4783 8.3644 2004 2018 15 0.4655 0.7584

CH-Oe2 47.2864 7.7338 2004 2018 15 0.359 0.6998

CZ-BK1 49.5021 18.5369 2004 2018 15 0.7139 0.6301

CZ-Lnz 48.6816 16.9464 2015 2018 4 0.8997 0.877

CZ-RAJ 49.4437 16.6965 2012 2018 7 0.7669 0.7075

CZ-Stn 49.036 17.9699 2010 2018 9 0.7893 0.8051

CZ-wet 49.0247 14.7704 2006 2018 13 0.7835 0.8295

DE-Akm 53.8662 13.6834 2009 2018 10 0.747 0.5106
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DE-Geb 51.0997 10.9146 2001 2018 18 0.5273 0.7345

DE-Gri 50.95 13.5126 2004 2018 15 0.6702 0.7809

DE-Hai 51.0792 10.4522 2000 2018 19 0.802 0.8093

DE-HoH 52.0853 11.2192 2015 2018 4 0.7152 0.806

DE-Hte 54.2103 12.1761 2009 2018 10 0.6624 0.821

DE-Hzd 50.9638 13.4898 2010 2018 9 0.6875 0.7165

DE-Kli 50.8931 13.5224 2004 2018 15 0.4974 0.6684

DE-Obe 50.7867 13.7213 2008 2018 11 0.7272 0.6545

DE-RuR 50.6219 6.3041 2011 2018 8 0.755 0.8054

DE-RuS 50.8659 6.4471 2011 2018 8 0.4853 0.7272

DE-RuW 50.5049 6.331 2010 2018 9 0.5919 0.3929

DE-Tha 50.9626 13.5652 1996 2018 23 0.8262 0.7107

DK-Sor 55.4859 11.6446 1996 2018 23 0.9105 0.8605

ES-Abr 38.7018 -6.7859 2015 2018 4 0.4522 0.2721

ES-LM1 39.9427 -5.7787 2014 2018 5 0.561 0.545

ES-LM2 39.9346 -5.7759 2014 2018 5 0.6123 0.5113

FI-Hyy 61.8474 24.2948 1996 2018 23 0.9104 0.8369

FI-Let 60.6418 23.9595 2009 2018 10 0.8119 0.7951

FI-Sii 61.8327 24.1929 2016 2018 3 0.8426 0.7666

FI-Var 67.7549 29.61 2016 2018 3 0.8327 0.8588

FR-Bil 44.4937 -0.9561 2014 2018 5 0.5664 0.6605

FR-EM2 49.8721 3.0207 2017 2018 2 0.53 0.773

FR-Hes 48.6741 7.0647 2014 2018 5 0.8491 0.7584

IT-BCi 40.5238 14.9574 2004 2018 15 0.0172 0.4715

IT-Cp2 41.7043 12.3573 2012 2018 7 0.5443 0.5834

IT-Lsn 45.7405 12.7503 2016 2018 3 0.7726 0.8336

IT-SR2 43.732 10.2909 2013 2018 6 0.7066 0.8293

IT-Tor 45.8444 7.5781 2008 2018 11 0.8221 0.7769
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NL-Loo 52.1666 5.7436 1996 2018 23 0.8503 0.6938

RU-Fy2 56.4476 32.9019 2015 2018 4 0.849 0.7957

RU-Fyo 56.4615 32.9221 1998 2018 21 0.8575 0.7646

SE-Deg 64.182 19.5565 2001 2018 18 0.8362 0.7623

SE-Htm 56.0976 13.419 2015 2018 4 0.8045 0.77

SE-Lnn 58.3406 13.1018 2014 2018 5 0.6429 0.6703

SE-Nor 60.0865 17.4795 2014 2018 5 0.8721 0.8426

SE-Ros 64.1725 19.738 2014 2018 5 0.8834 0.7261

SE-Svb 64.2561 19.7745 2014 2018 5 0.8847 0.5192

‍∑ 52 ∑ 577 Ø 0.70 Ø 0.71

Table A.5: SAPFLUXNET sites used in this study and further information as well as R² s of transpiration 
upscaled from sap flux with correspondent data from interpolated GLEAM and ERA5-Land.

Site Code Latitude Longitude Start Year End Year N Years R² -GLEAM R² - ERA5L

CZE_BIK 49.49 18.53 2015 2016 1 0.31 0.3

CZE_BIL_BIL 49.25 16.69 2014 2017 3 0.38 0.37

CZE_KRT_KRT 49.32 16.75 2013 2017 4 0.55 0.57

CZE_LIZ_LES 49.07 13.68 2007 2009 2 0.63 0.57

CZE_SOB_SOB 49.25 16.69 2013 2017 4 0.3 0.33

CZE_UTE_BEE 49.28 16.65 2013 2017 4 0.59 0.58

CZE_UTE_BNA 49.28 16.65 2013 2017 4 0.58 0.56

CZE_UTE_BPO 49.28 16.65 2013 2017 4 0.53 0.48

CZE_UTE_SPR 49.28 16.65 2013 2017 4 0.43 0.27

DEU_MER_BEE_NON 49.27 7.81 2009 2012 3 0.28 0.21

DEU_MER_BEE_THI 49.27 7.81 2012 2015 3 0.53 0.52

DEU_MER_DOU_NON 49.27 7.81 2009 2012 3 0.42 0.37

DEU_MER_DOU_THI 49.27 7.81 2012 2015 3 0.57 0.59
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DEU_MER_MIX_NON 49.27 7.81 2009 2012 3 0.53 0.37

DEU_MER_MIX_THI 49.27 7.81 2012 2015 3 0.62 0.62

ESP_ALT_ARM 40.78 -2.33 2009 2014 5 0.56 0.51

ESP_ALT_HUE 40.79 -2.29 2009 2013 4 0.45 0.35

ESP_ALT_TRI 40.8 -2.23 2008 2015 7 0.27 0.21

ESP_CAN 41.43 2.07 2011 2012 1 0.47 0.45

ESP_GUA_VAL 40.9 -4.03 2011 2013 2 0.02 0.21

ESP_LAH_COM 37.74 -3.38 2011 2013 2 0.11 0.46

ESP_LAS 28.31 -16.57 2008 2009 1 0.14 0.02

ESP_MAJ_MAI 39.94 -5.77 2015 2018 3 0.49 0.43

ESP_MAJ_NOR_LM1 39.94 -5.77 2015 2018 3 0.56 0.57

ESP_MON_SIE_NAT 41.12 -3.5 2010 2014 4 0.4 0.49

ESP_RON_PIL 36.69 -5.02 2011 2013 2 0 0.25

ESP_TIL_MIX 41.33 1.01 2010 2013 3 0.51 0.28

ESP_TIL_OAK 41.33 1.01 2010 2011 1 0.48 0.24

ESP_TIL_PIN 41.33 1.01 2010 2011 1 0.4 0.11

ESP_VAL_BAR 42.2 1.82 2003 2005 2 0.31 0.24

ESP_VAL_SOR 42.2 1.81 2003 2005 2 0.51 0.49

ESP_YUN_C1 36.72 -4.97 2009 2014 5 0.26 0.26

ESP_YUN_C2 36.72 -4.97 2011 2014 3 0.52 0.63

ESP_YUN_T1_THI 36.72 -4.97 2010 2014 4 0.42 0.47

ESP_YUN_T3_THI 36.72 -4.97 2009 2014 5 0.33 0.4

FRA_FON 48.48 2.78 2005 2014 9 0.45 0.37

FRA_HES_HE1_NON 48.67 7.06 1997 1999 2 0.35 0.32

FRA_HES_HE2_NON 48.67 7.06 2000 2006 6 0.34 0.3

FRA_PUE 43.74 3.6 1999 2015 16 0.56 0.5

ISR_YAT_YAT 31.35 35.05 2009 2015 6 0.32 0.21

ITA_TOR 45.82 7.56 2015 2016 1 0.38 0.52
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NLD_LOO 52.17 5.74 2011 2015 4 0.58 0.48

RUS_FYO 56.46 32.92 1998 2004 6 0.27 0.22

SWE_NOR_ST1_AF1 60.09 17.48 2009 2010 1 0.31 0.41

SWE_NOR_ST1_AF2 60.09 17.48 2009 2010 1 0.6 0.58

SWE_NOR_ST1_BEF 60.09 17.48 2007 2009 2 0.01 0.03

SWE_NOR_ST2 60.09 17.48 2001 2002 1 0.35 0.26

SWE_NOR_ST3 60.09 17.48 2002 2008 6 0.36 0.28

SWE_NOR_ST4_AFT 60.08 17.48 1999 2001 2 0.57 0.52

SWE_NOR_ST5_REF 60.08 17.48 1998 2001 3 0.47 0.44

SWE_SKO_MIN 58.36 12.15 2014 2015 1 0.53 0.43

SWE_SKY_38Y 60.13 17.84 2001 2003 2 0.46 0.31

SWE_SKY_68Y 60.1 17.83 2001 2003 2 0.65 0.54

SWE_SVA_MIX_NON 64.26 19.77 2016 2017 1 0.71 0.66

‍∑ 54  ∑ 180 Ø 0.42 Ø 0.39
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Figure A.9: Comparison of mean evapotranspiration (ET) values from FLUXNET2015 stations in the domain 
(see Table.A.3) and the mean of the corresponding grid cell of ERA5-Land (ERA5L, green markers), GLEAM 
(blue markers), and GLASS (red markers) ET. The solid lines correspond to a linear regression fit with a least 
squares method.

Figure A.10: Comparison of mean gross primary production (GPP) values from FLUXNET2015 stations in 
the  domain (see  Table.A.3)  and the mean of  the corresponding grid  cell  GLASS GPP.  The solid line 
corresponds to a linear regression with least squares method
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Figure  A.11:  A network with physically possible and plausible links between the included variables in the  
PCMCI+ analysis in this work controlled through its selected_links parameter. PCMCI+ will therefore just  
test shown links for significant causality and yield the final causal network as a subset of this. The included 
links allow for differences in causal networks between hydro-climates and land cover.

Figure A.12: Exemplary output of PCMCI+ for the grid cell corresponding to the ICOS site Wüstebach (DE-
RuW). The algorithm tested the possible links from the total possible network from Figure A.11 for significant 
causal  relationships  and yielded the output as  a  subset  of  it  with corresponding link strengths (cross-
correlations). Auto-correlations where not tested in this network.
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B Appendix to: Systematic underestimation of 
type-specific ecosystem process variability in 
CLM5 over Europe

Table B.1: A list of ICOS stations, their land cover, coordinates, years of data availability for our study period 
(1995 – 2018), the coordinates of the corresponding grid cell of the 3 km European Coordinated Regional  
Climate Downscaling Experiment (CORDEX) grid used in our simulations, and the number of 8-daily data 
points available for the analyses for evapotranspiration (ET) and gross primary production (GPP). Note that 
stations that  do not  belong to the plant  functional  types (PFT) of evergreen needleleaf  forest  (ENF), 
deciduous broadleaf forest (DBF), grasslands (GRA), and croplands (CRO) were omitted, and some included 
sites did not have data corresponding with the study period, thus having a count of 0 data points. See  
Section  4.2.2. The indicated PFT is the predominant PFT in the footprint of the ICOS eddy covariance  
towers. Stations, where the land cover was not directly indicated in the metadata sites were also left out in  
our analyses.

ID country PFT lat lon years lat (cell) lon (cell) N (ET) N (GPP)

BE-Bra Belgium ENF 51.31 4.52 ‍1996 – 2018 51.29 4.51 608 670

BE-Dor Belgium GRA 50.31 4.97 ‍2011 – 2018 50.31 4.96 0 270

BE-Lcr Belgium DBF 51.11 3.85 51.10 3.85 0 0

BE-Lon Belgium CRO 50.55 4.75 ‍2004 – 2018 50.57 4.76 519 476

CH-Cha Switzerland GRA 47.21 8.41 ‍2005 – 2018 47.21 8.43 423 459

CH-Dav Switzerland ENF 46.82 9.86 ‍1997 – 2018 46.80 9.84 578 866

CH-Fru Switzerland GRA 47.12 8.54 ‍2005 – 2018 47.11 8.53 284 447

CH-Oe2 Switzerland CRO 47.29 7.73 ‍2004 – 2018 47.28 7.72 0 592

CZ-BK1 Czech Republic ENF 49.50 18.54 ‍2004 – 2018 49.50 18.54 146 389

CZ-Lnz Czech Republic DBF 48.68 16.95 ‍2015 – 2018 48.67 16.95 0 145

DE-Geb Germany CRO 51.10 10.91 ‍2001 – 2020 51.10 10.93 824 638

DE-Gri Germany GRA 50.95 13.51 ‍2001 – 2018 50.95 13.49 673 492

DE-Hai Germany DBF 51.08 10.45 ‍2000 – 2018 51.07 10.45 813 548

DE-HoH Germany DBF 52.09 11.22 ‍2015 – 2018 52.09 11.23 184 113

DE-Kli Germany CRO 50.89 13.52 ‍2004 – 2018 50.90 13.54 481 450

DE-RuR Germany GRA 50.62 6.30 ‍2011 – 2018 50.62 6.28 336 309

DE-RuS Germany CRO 50.87 6.45 ‍2011 – 2018 50.86 6.44 285 224

DE-RuW Germany ENF 50.50 6.33 ‍2012 – 2018 50.51 6.31 0 125

DE-Tha Germany ENF 50.96 13.57 ‍1996 – 2018 50.96 13.58 1012 888

DK-Gds Denmark ENF 56.07 9.33 ‍ 56.07 9.34 0 0

DK-Sor Denmark DBF 55.49 11.64 ‍1996 – 2018 55.48 11.65 437 882

FI-Hyy Finland ENF 61.85 24.29 ‍1996 – 2018 61.86 24.29 435 812

FI-Ken Finland ENF 67.99 24.24 ‍2018 67.99 24.23 0 18

FI-Let Finland ENF 60.64 23.96 ‍2009 – 2018 60.63 23.96 412 254



Appendix B

216

FI-Var Finland ENF 67.75 29.61 ‍2016 – 2018 67.76 29.63 135 133

FR-Aur France CRO 43.55 1.11 ‍2005 – 2018 43.54 1.12 470 483

FR-Bil France ENF 44.49 -0.96 ‍2014 – 2020 44.50 -0.98 203 144

FR-FBn France ENF 43.24 5.68 ‍2008 – 2018 43.25 5.69 0 358

FR-Fon France DBF 48.48 2.78 ‍2005 – 2018 48.47 2.80 0 566

FR-Gri France CRO 48.84 1.95 ‍2004 – 2018 48.86 1.95 563 313

FR-Hes France DBF 48.67 7.06 ‍2014 – 2018 48.67 7.05 229 219

FR-Lam France CRO 43.50 1.24 ‍2005 – 2018 43.51 1.25 548 431

FR-Tou France GRA 43.57 1.37 ‍2018 43.58 1.38 46 28

IT-BFt Italy DBF 45.20 10.74 ‍ 45.21 10.75 0 0

IT-MBo Italy GRA 46.01 11.05 ‍2003 – 2018 46.00 11.04 616 582

IT-Ren Italy ENF 46.59 11.43 ‍1999 – 2018 46.58 11.44 531 525

IT-SR2 Italy ENF 43.73 10.29 ‍2013 – 2018 43.74 10.31 255 214

IT-Tor Italy GRA 45.84 7.58 ‍2008 – 2018 45.85 7.57 481 251

RU-Fy2 Russia ENF 56.45 32.90 ‍2015 – 2018 56.46 32.89 156 138

SE-Htm Sweden ENF 56.10 13.42 ‍2015 – 2018 56.10 13.42 177 152

SE-Nor Sweden ENF 60.09 17.48 ‍2014 – 2018 60.09 17.50 229 181

SE-Svb Sweden ENF 64.26 19.77 ‍2014 – 2018 64.26 19.77 161 109

Table B.2: The root mean square error (RMSE) and percent bias (PBIAS) for model evapotranspiration (ET) 
in relation to the Integrated Carbon Observation System (ICOS) observations. Stations from ICOS that did 
not belong to plant functional types (PFTs) of evergreen needleleaf forest (ENF), broadleaf deciduous forest 
(DBF),  croplands (CRO),  or  grasslands (GRA) or did not  have overlapping periods were omitted.  See 
Section 4.2.4. For the amount of data points per station used for the calculations, see Table B.1.

ET RMSE [mm day-1] ET PBIAS [%]

CLM5gri

d

CLM5PF

T

ERA5
L

GLAS
S

GLEA
M

CLM5gri

d

CLM5PF

T

ERA5
L

GLAS
S

GLEA
M

BE-
Bra 0.54 0.51 1.12 1.1 0.65 20.53 22.4 103.3 86.1 53.95

BE-
Lon 0.67 0.99 0.82 0.91 0.49 12.76 24.31 66.69 43.88 19.71

CH-
Cha 0.8 0.85 0.59 0.54 0.56 -33.03 -21.19 -13.73 -10.68 -8.47

CH-
Dav 1.2 0.95 0.91 1.35 0.85 -51.08 -33.29 -54.41 -32.38 -27.66

CH-
Fru 0.62 0.85 0.52 0.62 0.62 -23.73 -8.69 -6.68 -5.21 7.17

CZ-
BK1 0.48 0.54 0.76 0.57 0.52 -23.06 -26.04 29.54 19.72 25.78

DE-
Geb 0.51 0.82 0.7 0.85 0.48 -7.61 -5.35 64.26 40.08 14.93

DE-
Gri 0.48 0.77 0.57 0.55 0.36 2.45 11.15 33.24 20.49 9.14

DE-
Hai 0.49 0.6 0.73 0.76 0.52 2.64 8.99 58.52 46.6 31.18

DE-
Ho
H

0.69 0.65 0.6 0.58 0.66 -28.06 -16.86 -1.62 -10.44 -24.37

DE-
Kli 0.69 1 0.79 0.74 0.63 6.77 19.04 38.9 27.7 21.78
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DE-
RuR 0.39 0.76 0.6 0.54 0.45 -17.86 5.37 28.01 9.89 17.22

DE-
RuS 0.78 0.97 0.68 0.55 0.68 -32.8 -31.45 7.9 -12.81 -24.98

DE-
Tha 0.62 0.5 0.72 0.71 0.48 0.59 -0.52 39.68 20.84 13.92

DK-
Sor 0.6 0.6 0.57 0.66 0.5 -26.29 -14.98 42.64 20.57 2.18

FI-
Hyy 0.5 0.51 0.49 0.41 0.62 -35.58 -27.65 20.64 11.27 41.7

FI-
Let 0.68 0.65 0.63 0.8 0.73 -31.77 -21.53 51.02 11.16 40.21

FI-
Var 0.37 0.49 0.73 0.48 0.6 -30.13 -9.59 67.09 58.22 84.39

FR-
Aur 0.85 1.19 1.1 1.05 0.78 5.44 45.08 52.04 37.1 16.89

FR-
Bil 0.67 0.92 1.46 0.72 0.67 -25.5 -28.35 24.98 48.24 24.47

FR-
Gri 0.77 1.01 0.9 0.85 0.58 -1.63 0.98 44.94 30.06 3.86

FR-
Hes 0.58 0.67 0.83 0.86 0.72 0.19 13.09 51.71 35.65 36.79

FR-
Lam 0.86 1.09 0.97 1.01 0.79 -6.76 20.9 31.79 17.15 -1.53

FR-
Tou 0.69 0.89 0.86 1.04 0.49 -36.01 -45.95 60.87 30.99 17.48

IT-
MB

o
0.55 0.84 0.5 0.49 0.72 -2.29 -17.01 8.99 6.24

16.68

IT-
Ren 0.85 0.81 0.74 0.72 0.76 -23.81 -3.55 -9.57 -15.41 2.18

IT-
SR2 0.89 1.53 0.73 0.76 0.8 -34.1 -60.81 28.98 3.25 -23.83

IT-
Tor 0.91 1.01 0.6 0.78 0.75 -45.19 -48.2 -38.59 -10.22 -28.59

RU-
Fy2 0.4 0.51 0.65 0.69 0.7 -4.43 -16.31 52.09 26.21 54.79

SE-
Htm 0.45 0.45 1.19 0.88 0.9 -7.31 -3.36 72.78 61.52 79.05

SE-
Nor 0.36 0.37 0.66 0.58 0.59 -14.29 -4.12 47.2 22.25 46.44

SE-
Svb 0.45 0.64 0.55 0.35 0.56 -18.82 -0.66 16.38 16.8 35.55
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Table B.3: The root mean square error (RMSE) and percent bias (PBIAS) for model gross primary production 
(GPP) in relation to the Integrated Carbon Observation System (ICOS) observations. Stations from ICOS 
that did not belong to the plant functional types (PFTs) of evergreen needleleaf forest (ENF), deciduous  
broadleaf forest (DBF), croplands (CRO), or grasslands (GRA) or did not have overlapping periods were 
omitted. See Section 4.2.4. For the amount of data points per station used for the calculations, see Table B.1.

GPP RMSE [g C day-1] GPP PBIAS [%]

CLM5grid CLM5PFT GLASS CLM5grid CLM5PFT GLASS

BE-Bra 2.29 1.69 1.3 -35.36 0.58 4.7

BE-Dor 3.19 3.39 2.74 -41.69 -40.3 -35.11

BE-Lon 4.31 4.31 3.98 -18.21 -8.23 -11.32

CH-Cha 4.61 3.94 4.29 -50.9 -38.52 -47.17

CH-Dav 2.4 2.13 2.13 -16.93 31.37 -25.57

CH-Fru 3.6 2.84 2.62 -40.1 -23.16 -23.97

CH-Oe2 3.75 3.95 3.53 -10.8 -12.63 2.72

CZ-BK1 2.79 2.31 1.95 -37.05 -22.83 -20.65

CZ-Lnz 4.64 3.44 2.9 -62.06 -49.31 -28.91

DE-Geb 3.63 4.32 2.98 -35.96 -40.43 -1.84

DE-Gri 2.61 2.68 2.02 -21.19 -11.94 -9.65

DE-Hai 2.83 2.59 1.7 -34.83 -42.5 -1.51

DE-HoH 2.94 2.51 3.04 -30.53 -40.55 -27.82

DE-Kli 3.5 3.66 3.15 1.74 2.04 -2.73

DE-RuR 2.4 2.39 2 -26.99 -10.45 -19.5

DE-RuS 4.74 5.05 4.34 -43.49 -45.67 -34.68

DE-RuW 2.63 2.61 2.14 -32.13 -27.64 -23.88

DE-Tha 1.87 1.48 1.29 -28.99 -3.95 -19.27

Table  B.4:  The evapotranspiration (ET) root  mean square  error  (RMSE) indicates  the  general  model  
approximations and the percent bias (PBIAS), demonstrating systematic bias of the models (Community 
Land Model v5 (CLM5) on grid-scale (CLM5grid), CLM5 on PFT scale (CLM5PFT), from the European Center 
of Medium-Range Weather Forecasts Renalysis 5 Land (ERA5-Land), the Global Land Surface Satellite  
(GLASS), and the Global Land Evaporation Amsterdam Model (GLEAM)) to the observations. Each value 
corresponds to a group of stations representing the same plant functional type (PFT; Evergreen Needleleaf  
Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO)). The amount 
of data points (N) for each PFT is also indicated.

PFT N CLM5grid CLM5PFT ERA5L GLASS GLEAM

RMSE
[mm day-1]

ENF 5038 0.71 0.72 0.84 0.83 0.67

DBF 1663 0.56 0.62 0.73 0.70 0.56

GRA 2859 0.65 0.85 0.60 0.57 0.59

CRO 3690 0.72 1.00 0.88 0.86 0.63

mean 3285 0.66 0.80 0.76 0.74 0.61

PBIAS ENF 5038 -20.57 -15.42 21.86 13.32 15.43
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[%]

DBF 1663 -9.90 -0.54 44.55 29.74 16.24

GRA 2859 -18.62 -13.94 3.14 2.63 2.41

CRO 3690 -3.24 11.20 44.99 27.30 7.58

mean 3285 -13.08 -4.68 28.64 18.25 10.42

Table B.5: The gross primary production (GPP) root mean square error (RMSE) indicates the general model 
approximation and the percent bias (PBIAS), demonstrating systematic bias of the models (Community 
Land Model v5 (CLM5) on grid-scale (CLM5grid), CLM5 on PFT scale (CLM5PFT), from the European Center 
of Medium-Range Weather Forecasts Renalysis 5 Land (ERA5-Land), the Global Land Surface Satellite  
(GLASS), and the Global Land Evaporation Amsterdam Model (GLEAM)) to the observations. Each value 
corresponds to a group of stations representing the same plant functional type (PFT: Evergreen Needleleaf 
Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO)). The amount 
of data points (N) for each PFT is also indicated.
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PFT N CLM5grid CLM5PFT GLASS

RMSE
[g C day-1]

ENF 5976 2.25 2.44 1.75

DBF 2473 3.71 3.35 2.81

GRA 2838 3.14 3.01 2.63

CRO 3607 3.85 4.21 3.55

mean 3723.5 3.24 3.25 2.69

PBIAS
[%]

ENF 5976 -26.00 -7.7 -14.53

DBF 2473 -38.88 -43.76 -24.51

GRA 2838 -30.73 -25.5 -21.34

CRO 3607 -14.99 -1.48 -6.29

mean 3723.5 -27.65 -19.61 -16.67
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Figure  B.1:  In  the  left  column  are  the  yearly  energy  balance  corrected  evapotranspiration  (ET-corr) 
evolutions averaged across stations belonging to one PFT (rows). We differentiate the data source by color 
(ICOS observations: blue, CLM5grid: red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). 
The probability density curves for all ET-corr values from stations belonging to the selected PFT are in the 
right column. Each row shows these plots for one PFT: Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO).
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Figure B.2: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the ET-corr distributions  
(visualized in  Figure B.1) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure  B.3: In the left column are the yearly net ecosystem exchange (NEE) evolutions averaged across 
stations belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blue, 
CLM5grid: red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density 
curves for all NEE values from stations belonging to the selected PFT are in the right column. Each row 
shows these plots for one PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), 
Grasslands (GRA), and Croplands (CRO).
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Figure  B.4: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the NEE distributions 
(visualized in  Figure B.3) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure B.5: In the left column are the yearly ecosystem respiration (ER) evolutions averaged across stations 
belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blue, CLM5grid: 
red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for  
all ER values from stations belonging to the selected PFT are in the right column. Each row shows these 
plots for one PFT: Evergreen Needleleaf Forest (ENF),  Deciduous Broadleaf Forest  (DBF),  Grasslands 
(GRA), and Croplands (CRO).
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Figure  B.6:  The mean (a),  variance  (b),  skewness  (c),  and excess  kurtosis  (d)  of  the  ER distributions 
(visualized in  Figure B.5) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure  B.7:  In the left  column are the yearly Temperature (Temp) evolutions averaged across stations 
belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blue, CLM5grid: 
red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for  
all Temp values from stations belonging to the selected PFT are in the right column. Each row shows these  
plots for one PFT: Evergreen Needleleaf Forest (ENF),  Deciduous Broadleaf Forest  (DBF),  Grasslands 
(GRA), and Croplands (CRO).
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Figure  B.8: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the Temp distributions 
(visualized in  Figure B.7) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure  B.9:  In the left  column are the yearly Precipitation (Precip) evolutions averaged across stations 
belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blue, CLM5grid: 
red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for  
all Precip values from stations belonging to the selected PFT are in the right column. Each row shows these 
plots for one PFT: Evergreen Needleleaf Forest (ENF),  Deciduous Broadleaf Forest  (DBF),  Grasslands 
(GRA), and Croplands (CRO).
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Figure  B.10: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the Precip distributions 
(visualized in  Figure B.9) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure B.11: In the left column are the yearly shortwave downward radiation (SWdown) evolutions averaged 
across stations belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: 
blue, CLM5grid: red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability 
density curves for all SWdown values from stations belonging to the selected PFT are in the right column. 
Each row shows these plots for one PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest 
(DBF), Grasslands (GRA), and Croplands (CRO).
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Figure B.12: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the SWdown distributions 
(visualized in  Figure B.11) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure  B.13: In the left column are the yearly relative humidity (RH) evolutions averaged across stations 
belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blue, CLM5grid: 
red, CLM5PFT: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for  
all RH values from stations belonging to the selected PFT are in the right column. Each row shows these 
plots for one PFT: Evergreen Needleleaf Forest (ENF),  Deciduous Broadleaf Forest  (DBF),  Grasslands 
(GRA), and Croplands (CRO).
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Figure  B.14:  The mean (a),  variance (b),  skewness (c),  and excess kurtosis (d) of  the RH distributions 
(visualized in  Figure B.13) from the models (color, y-axis), as opposed to the corresponding values from 
observations (x-axis) aggregated for each PFT (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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Figure B.15: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the leaf area index (LAI) 
distributions from the models (color, y-axis), as opposed to the corresponding values from observations (x-
axis) aggregated for each plant functional type (marker type): Evergreen Needleleaf Forest (ENF), Deciduous 
Broadleaf Forest (DBF), Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the  
respective moment, depending on the sample size.
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C Appendix to: The drought response of 
European ecosystem processes via multiple 
components of the hydrological cycle

Figure C.1: For each hydrological variable, per row, precipitation (P), vapor pressure deficit (VPD), runoff 
(R), and groundwater (per water table depth, WTD), these are insights into the largest detected event cluster 
for the 1-monthly (31 days) aggregation period. The maps on the left show the maximum extent of the event, 
and in the center, maps with the drought indices at that corresponding point in time. On the right, the tables 
list the properties of the selected largest event cluster.
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Figure C.2: For each hydrological variable, per row, precipitation (P), vapor pressure deficit (VPD), runoff 
(R), and groundwater (per water table depth, WTD), these are insights into the largest detected event cluster 
for the 3-monthly (92 days) aggregation period. The maps on the left show the maximum extent of the event, 
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and in the center, maps with the drought indices at the corresponding point in time. On the right, the tables 
list the properties of the selected largest event cluster.

Figure C.3: For each hydrological variable, per row, precipitation (P), vapor pressure deficit (VPD), runoff 
(R), and groundwater (per water table depth, WTD), these are insights into the largest detected event cluster 
for the 12-monthly (365 days) aggregation period. The maps on the left show the maximum extent of the 
event, and in the center, maps with the drought indices at the corresponding point in time. On the right, the 
tables list the properties of the selected largest event cluster.
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Figure C.4: Diagrams showing the size against the duration of each drought event for each hydrological 
variable (rows, P: precipitation, VPD: vapor pressure deficit, SMr: rootzone soil moisture, R: runoff, WTD: 
water table depth) and each aggregation period (tagg, columns). The grey line is the fitted power curve with 
the 95% confidence interval.
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Figure C.5: The violin plots characterize the distribution of key event properties (y-axis) across all identified 
precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SM r), runoff (R), and groundwater 
(per water table depth, WTD) drought events (x-axis) of 1-monthly (31 days) aggregation period.

Figure C.6: The violin plots characterize the distribution of key event properties (y-axis) across all identified 
precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SM r), runoff (R), and groundwater 
(per water table depth, WTD) drought events (x-axis) of 3-monthly (92 days) aggregation period.

Figure C.7: The violin plots characterize the distribution of key event properties (y-axis) across all identified 
precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SM r), runoff (R), and groundwater 
(per water table depth, WTD) drought events (x-axis) of 1-yealy (365 days) aggregation period.
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Figure C.8: Each box plot depicts the distribution of drought event properties (y-axis, in logarithmic scale. 
Left column: duration, center column: propagation speed, right column: severity) for each of the drought  
index variables precipitation (P), vapor pressure deficit (VPD), rootzone soil moisture (SMr), surface runoff 
(R), and groundwater (per water table depth, WTD) and each drought deficit aggregation period (tagg: 31days, 
92 days, 183 days, 365 days corresponding to monthly, 3-monthly, 6-monthly and yearly). The red dashed line 
is a simple linear regression of the medians, exemplifying the effect of increasing tagg on the drought event 
properties.
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Figure C.9: Temporal trends of the drought event properties (see y-axis label) for precipitation (P), vapor 
pressure deficit (VPD), runoff (R), and groundwater (per water table depth, WTD) for the 31-day aggregation 
period. The shaded area around the line is the 95% confidence interval. The exact interception and slope 
values, including their uncertainty, are given in Table C.1.
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Figure C.10: Temporal trends of the drought event properties (see y-axis label) for precipitation (P), vapor 
pressure deficit (VPD), runoff (R), and groundwater (per water table depth, WTD) for the 92-day aggregation 
period. The shaded area around the line is the 95% confidence interval. The exact interception and slope 
values, including their uncertainty, are given in Table C.1.
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Figure C 11: Temporal trends of the drought event properties (see y-axis label) for precipitation (P), vapor 
pressure  deficit  (VPD),  runoff  (R),  and  groundwater  (per  water  table  depth,  WTD)  for  the  183-day 
aggregation period. The shaded area around the line is the 95% confidence interval. The exact interception  
and slope values, including their uncertainty, are given in Table C.1.
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Figure C 12: Temporal trends of the drought event properties (see y-axis label) for precipitation (P), vapor  
pressure  deficit  (VPD),  runoff  (R),  and  groundwater  (per  water  table  depth,  WTD)  for  the  365-day 
aggregation period. The shaded area around the line is the 95% confidence interval. The exact interception  
and slope values, including their uncertainty, are given in Table C.1.
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Table  C.1:  Nominal and standard deviations of the determined intercept and slope values of the linear 
regression for each property (duration, propagation, impact), and each variable (P: precipitation, VPD: vapor 
pressure deficit, SMr: rootzone soil moisture, WTD: water table depth), and each aggregation period.

Duration Propagation Impact

intercept slope intercept slope intercept slope

nominal std nominal std nominal std nominal std nominal std nominal std

P

31D 27,41 2,08 0,13 0,15 6,43 0,67 0,02 0,05 0,97 0,32 0,02 0,02

92D 45,87 4,09 -0,11 0,29 2,80 0,32 0,00 0,02 1,82 0,48 -0,01 0,03

183D 63,05 7,40 0,10 0,53 1,77 0,24 0,00 0,02 2,94 0,82 -0,03 0,06

365D 104,68 14,79 -0,98 1,10 1,14 0,15 -0,01 0,01 4,31 1,31 -0,10 0,10

VPD

31D 27,89 2,78 0,32 0,20 8,84 1,43 0,05 0,10 0,93 0,70 0,11 0,05

92D 41,65 4,89 0,68 0,36 2,34 0,59 0,08 0,04 1,20 1,24 0,17 0,09

183D 61,64 8,82 0,48 0,64 1,40 0,40 0,04 0,03 1,10 1,58 0,22 0,11

365D 85,69 16,34 0,75 1,21 0,95 0,18 0,01 0,01 3,23 1,84 0,10 0,14

SMr

31D 34,60 8,93 0,26 0,58 1,25 0,55 0,00 0,04 0,26 0,29 0,02 0,02

92D 77,45 13,72 0,82 0,94 0,96 0,23 0,02 0,02 1,30 0,94 0,06 0,06

183D 124,96 20,97 0,03 1,50 0,73 0,14 0,01 0,01 2,50 1,52 0,06 0,11

365D 198,36 33,21 -1,94 2,34 0,57 0,10 0,00 0,01 4,09 2,47 0,03 0,17

R

31D 29,39 2,80 0,19 0,20 4,25 0,60 0,02 0,04 0,83 0,31 0,02 0,02

92D 46,37 5,18 0,06 0,37 2,72 0,45 0,01 0,03 1,77 0,66 0,00 0,05

183D 63,13 8,88 -0,16 0,63 1,76 0,31 0,00 0,02 2,44 0,90 -0,03 0,06

365D 100,42 14,79 -0,90 1,09 1,31 0,19 -0,02 0,01 3,42 1,33 -0,06 0,10

WT
D

31D 90,64 18,62 -0,32 1,32 1,53 0,19 -0,01 0,01 3,39 1,46 -0,07 0,10

92D 142,07 21,90 -1,63 1,47 1,11 0,16 -0,01 0,01 4,70 1,93 -0,11 0,13

183D 186,18 32,09 -2,24 2,23 0,85 0,12 -0,01 0,01 7,02 2,68 -0,19 0,19

365D 330,33 64,35 -3,65 4,63 0,46 0,08 -0,01 0,01 11,63 5,29 -0,28 0,38
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Figure  C.13: Maps of mean responses of soil evaporation (Es) to soil moisture (SMr, top row) and vapor 
pressure deficit (VPD, second row) drought events with different aggregation periods (31, 92, 183, and 365 
days). The maps in the last row depict the mean Es response during compound events, i.e., where droughts 
defined by soil moisture and droughts defined by vapor pressure deficit at impactful aggregation times co-
occur.
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Figure C.14: Maps of mean responses of water stress ( ) to soil moisture (SMβ r, top row) and vapor pressure 
deficit (VPD, second row) drought events with different aggregation periods (31, 92, 183, and 365 days). The 
maps in the last row depict the mean  response during compound events, i.e., where droughts defined byβ  
soil moisture and droughts defined by vapor pressure deficit at impactful aggregation times co-occur.
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Figure C.15: Maps of mean responses of gross primary production (GPP) to soil moisture (SMr, top row) and 
vapor pressure deficit (VPD, second row) drought events with different aggregation periods (31, 92, 183, and 
365 days). The maps in the last row depict the mean GPP response during compound events, i.e., where 
droughts defined by soil moisture and droughts defined by vapor pressure deficit at impactful aggregation 
times co-occur.
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Figure C.16: Hydroclimates are defined by annual precipitation amounts (Pa [mm]). Very humid: Pa≥1200 mm, 
humid: 700≤Pa<1200 mm, semi humid: 500≤Pa<700 mm, semi arid: 250≤Pa<500 mm, arid: 100≤Pa<250 mm, very 
arid: Pa<100 mm.
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Figure C.17: Map showing the predominant Plant Functional Type (PFT) in the European CLM5 domain.  
Irr: irrigated. UIrr: Unirrigated, BDS: broadleaf deciduous Shrub, BES: broadleaf evergreen shrub, BDT:  
broadleaf deciduous tree, BET: broadleaf evergreen tree, NDT: needleleaf deciduous tree, NET: needleleaf 
evergreen tree.
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Figure C.18: Responses of transpiration (Tr) to significant water limitation events ( ). Each map shows Tβ r 

responses to  droughts of a different aggregation period (tβ agg).

Figure C.19: Mean rooting depth of vegetation across the European CLM5 domain, resulting from rooting 
depths of present plant functional types weighted by their areal share in the grid cell. 
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Figure C.20: Maps of the temporal mean and standard deviation of the water limitation ( ), a downregulationβ  
factor to the stomatal conductance resulting from soil moisture limitation. 
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