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Abstract. Climate change is expected to increase the frequency and severity of Multi- Year Droughts (MYDs), but their impacts
on vegetation remain poorly understood. While satellite records offer valuable insights, they eever-onty—only cover recent
decades, limiting the number of MYDs available for analysis. The dynamic global vegetation model LPJmL-5 can simulate
vegetation dynamics under varying climate conditions and over longer temporal scales than are typically available from satellite
observations. However, its ability to capture vegetation responses to tmtlti-year)-droughts-drought, including MYDs, has not
yet been systematically evaluated against observation-based datasets. In this study, we benchmark LPJmL-5 against MODIS-
derived gross primary production (GPP) to assess how well the model reproduces vegetation responses to drought. We find

that LPJmL-5 re

captures the key temporal and spatial GPP-dreught

dynamies—found-in-MODIS—Heweverdynamics of drought-related GPP observed by MODIS, although notable differences
remain. In particular, LPJmL-5 tends to overestimate vegetation response at the onset of MYDs and shows some rapid recovery

behaviour, resulting in muted overall drought impacts. Vegetation responses also vary by type: drought dynamics in croplands
are captured relatively well, whereas responses in boreal and temperate vegetation are underestimated in magnitude. These

discrepancies appear to be linked to simplified model representations of vegetation stress and mortality, which limit long-

term vegetation loss. Beyond drought conditions, LPJmL-5 reproduces absolute GPP values reasonably well in some regions
but performance declines in parts of the Southern Hemisphere and in cropland-dominated areas. This suggests that general

GPP simulation performance is not necessarily linked to performance during drought conditions. Overall, this benchmarking
highlights strengths and limitations in how LPJmL-5 represents vegetation responses to drought and provides a foundation for

future studies of vegetation responses to multi-year droughts.
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1 Introduction

Multi-Year Droughts (MYDs) can have severe impacts on natural vegetation and croplands, ranging from reduced vegetation
health to diminished ecosystem resilience and increased tree mortality (Choat et al., 2018; DeSoto et al., 2020; Gessler et al.,
2020; Allen et al., 2010; Cooley et al., 2015; Dong et al., 2019; Moravec et al., 2021; Jiao et al., 2020; Wittwer and Waschik,
2021; Hughes et al., 2019). Although less frequent than shorter droughts, MYDs have already been observed worldwide (van
Mourik et al., 2025) and are projected to increase in both frequency and severity (van der Wiel et al., 2023). Understanding
how vegetation responds to MYDs is therefore essential for assessing ecosystem vulnerability and anticipating future changes
in vegetation health and productivity.

Satellite remote sensing datasets, such as those derived from MODIS, have been widely used to monitor vegetation dynamics
and assess drought impacts (Ruijsch et al., 2025; van Hateren et al., 2021; Dong et al., 2019; Yang et al., 2021). These datasets
offer global coverage with high spatial and temporal resolution, making them valuable tools for analysing vegetation responses
during droughts. These remotely sensed observations show that, while MYDs generally reduce vegetation productivity and
increase stress, the magnitude and direction of these impacts vary across regions. Local water and energy availability can influ-
ence responses, resulting in weak, neutral, or even positive effects in some cases (Ruijsch et al., 2025; van Hateren et al., 2021;
Dong et al., 2019; Yang et al., 2021). However, satellite records typically extend back only to around 2000 (Didan, 2015a, b),
limiting the number of MYDs available for analysis and reducing the statistical robustness of drought impact assessments
based solely on remote sensing datasets.

Dynamic Global Vegetation Models (DGVMs), such as LPJmL-5 (von Bloh et al., 2018), can simulate vegetation dynamics
under varying climate conditions and over longer temporal scales than are typically available from satellite observations.
LPJmL-5 has been widely used to study vegetation and agricultural dynamics under historical and projected climate scenarios
(von Bloh et al., 2018; Miiller and Robertson, 2014; Gerten et al., 2013), and its performance has been extensively evaluated
(Schaphoff et al., 2018b, a; von Bloh et al., 2018). However, while the model performs well in many aspects, its ability to
capture vegetation responses to (multi-year) droughts has not yet been systematically evaluated against observation-based
datasets.

In this study, we benchmark LPJmL-5 against MODIS-derived GPP to evaluate how well the model reproduces vegetation
responses to both MYDs and normal droughts (NDs; droughts lasting less than one year). Specifically, we assess the model’s
ability to capture the magnitude, timing, and spatial patterns of drought-induced GPP anomalies across different regions and
vegetation types. This evaluation provides insight into observed drought response behaviour and highlights where LPJmL-5

realistically represents drought stress and recovery, as well as where improvements are needed.



50

55

60

2 Materials and Methods

This section outlines the definitions, vegetation model, data, and methods used to evaluate vegetation responses to (multi-
year) droughts (Figure 1). Section 2.1 defines MYDs and NDs, Section 2.2 describes the LPJmL-5 model, followed by model
validation against observational data in Section 2.3. Sections 2.4 and 2.5 explain how vegetation responses to (multi-year)

droughts are defined. Finally, Section 2.6 introduces the focus regions analysed in this study.

Analyse vegetation

response to MYDs Define MYDs and NDs

based on SPEI-12

and NDs Section 2.1
Section 2.5

Normalize GPP
Section 2.4

Analyse vegetation
Run LPJmL-5 sensitivity to drought

model simulations Na
Section 2.2

pare input
datasets
ection 2.2

Model validation MODIS satellite data
Section 2.3 Section 2.3

Figure 1. Schematic overview of the methodological workflow used in this study. The processes include drought classification, LPJmL-5
model simulations, comparison with MODIS-derived GPP, and the analysis of vegetation responses to both MYDs and NDs across selected

focus regions. Blue elements represent observational data, while pink elements indicate model outputs.

2.1 Drought identification

Drought indices are essential for studying drought events, as they allow for consistent comparison of drought characteristics
across space and time. In this study, we used the Standardized Precipitation Evapotranspiration Index (SPEI), which accounts
for both water supply (precipitation, P) and atmospheric water demand (potential evapotranspiration, PET) (Vicente-Serrano
et al., 2010). SPEI is particularly suitable for assessing drought impacts on vegetation as vegetation is not only impacted by
lack of water supply via P, but also the increase in atmospheric water demand via PET.

SPEI was computed at multiple timescales (1-24 months) using P and PET derived from W5ES reanalysis data (see Table 1,
(Lange et al., 2022)). Both P and PET were aggregated to monthly values to generate monthly SPEI outputs. A detailed

description of the SPEI calculation is provided in Supplements S1.
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To de ne MYDs and NDs, we focused on SPEI calculated at a 12-month timescale (SPEI-12), as it captures multi-year
drought conditions while minimizing seasonal variability. Following Wiel et al. (2022), MYDs are de ned as periods where
SPEI-12 remains below -1 for at least 12 consecutive months. The threshold of -1 was chosen to represent moderate to extrem
droughts (McKee et al., 1993). While the start date of the drought is only identi ed as the rst month where SPEI-12 dips
below -1, this de nition already takes into account the accumulated P and PET over the 12 months leading up to the start of
the drought. Ruijsch et al. (2025) evaluated the impact of different SPEI aggregation periods and concluded that the SPEI-12
is suitable for capturing multi-year drought dynamics.

To distinguish MYDs from shorter drought events, we de ne NDs as periods where SPEI-12 remains below —1 for less than
12 consecutive months. This de nition ensures that each drought event is consistently categorized as either an MYD or ND,
allowing us to systematically compare their respective impacts on vegetation.

Table 1. Overview of datasets and variables used in this study. W5E5 climate variables are grouped by their application in either SPEI
calculation or LPImL-5 simulations.

Dataset / Variable Temporal range | Temporal resolution | Spatial resolution | Use / Reference
WS5ES Climate Forcing Data
Used for SPEI calculation Lange et al. (2022)
Precipitation [mm/day] 1901-2019 Daily 0.5° (55 km) SPEIl input
Temperature [°C] 1901-2019 Daily 0.5° PET calc. for SPEI
Relative humidity [%] 1901-2019 Daily 0.5° PET calc. for SPEI
Wind speed [m $ ] 1901-2019 Daily 0.5° PET calc. for SPEI
Surface pressure [Pa] 1901-2019 Daily 0.5° PET calc. for SPEI
Downward shortwave radiation [W fn] | 1901-2019 Daily 0.5° PET calc. for SPEI
Used in LPImL-5 simulations Lange et al. (2022)
Precipitation [mm/day] 1901-2019 Daily 0.5° LPJImL-5 input
Temperature [°C] 1901-2019 Daily 0.5° LPJImL-5 input
Wind speed [m $ ] 1901-2019 Daily 0.5° LPJImL-5 input
Downward longwave radiation [W fn] | 1901-2019 Daily 0.5° LPJImL-5 input
Downward shortwave radiation [W fn] | 1901-2019 Daily 0.5° LPJImL-5 input
Additional LPImL-5 Inputs
CO, concentration [ppm] 1901-2019 Annual Global Buchner and Reyer (2022)
NHy deposition [g/m/month] 1901-2019 Monthly 0.5° Yang and Tian (2023)
NOy deposition [g/m/month] 1901-2019 Monthly 0.5° Yang and Tian (2023)
Soil pH - - 0.5° Volkholz and Muller (2020)
Soil type - - 250 m (0.25 km) | Knoben (2021)
Land use 2020 - 5min (9.25km) | International Food Policy Research Institute (IFPRI) (2024)
Land cover 2019 - 300 m (0.3 km) Harper et al. (2023)
Remote Sensing Datasets
MODIS GPP 2000-2019 16-day 1 km Didan (2015a, b)
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2.2 Dynamic global vegetation modelling using LPJmL-5

In this study, the DGVM LPJmL-5 (v5.7.9, von Bloh et al. (2018)) was used to simulate vegetation responses to MYDs. LPImL-

5 builds on LPIJmL-4 and simulates both natural and agricultural vegetation, linking their growth and productivity through
consistent water, carbon, and energy uxes (Schaphoff et al., 2018b). LPIJmL-5 makes use of the big-leaf representation for
different Plant Functional Types (PFTs) that can coexist within a grid cell and compete for resources such as light, water, and
nitrogen (von Bloh et al., 2018). Land cover can either be simulated dynamically or be prescribed, both of which are used in this
study. In contrast, Crop Functional Types (CFTs) are always prescribed, with a distinction between irrigated and rainfed crops.
Each grid cell can contain both managed and natural vegetation fractions, allowing for a realistic subgrid representation of land-
use. CFTs only appear when crops are sown and grow on soil areas separate from natural vegetation (von Bloh et al., 2018)
The model also includes key physiological processes such as photosynthesis, gross primary production, evapotranspiration
and plant responses to soil moisture and drought stress (Schaphoff et al., 2018b). The terrestrial nitrogen cycle is incorporatec
to account for nutrient limitations to plant growth (von Bloh et al., 2018). This makes that LPIJmL-5 contdirenaitessary

processes to study vegetation responses to drought, though its performance may still vary across regions and vegetation type:
2.2.1 Droughtin the LPImL-5 model

In LPIJmL-5, GPP is rst calculated as a potential GPP, based on the light-limited (JE) and Rubisco-limited (JC) rates and on

the absorbed photosynthetically active radiation (APAR; Schaphoff et al. (2018b)). This potential GPP is then constrained by

soil water availability. When the water supply cannot meet atmospheric demand, water stress develops and the potential GPF
90s reduced to the actual GPP.

Drought can further in uence GPP through phenology. LPIJmL-5 includes a phenology function that controls how active
the canopy is, ranging from 0 (no active canopy) to 1 (fully active canopy). When phenology declines, leaf area and FAPAR
decrease, thereby reducing GPP. The phenology is determined by four limiting functions: cold temperature, light availability,
water availability, and heat stress (Schaphoff et al., 2018b). Each factor varies between 0 (full limitation) and 1 (no limitation),
and their combined effect de nes the total phenology. The limiting functions follow logistic curves and include a memory term,
meaning that canopy responses are delayed and differ across PFTs (Schaphoff et al., 2018b). The associated parameters we
calibrated by tting simulated FAPAR to satellite-derived FAPAR over 30 years (Schaphoff et al., 2018b).

Vegetation in LPIJmL-5 is represented using thebig-leaf representation, meaning that all leaves of a PFT within a grid
cell are treated as a single canopy layer with an average temperature, photosynthesis, and water use. Under drought, reductior
in phenology and water supply therefore shrink this “big leaf” and makes it less productive, rather than simulating individual
trees.

Finally, LPIJmL-5 does not simulate explicit drought-induced mortality. Instead, mortality emerges indirectly from low pro-
ductivity and heat stress, and is capped by a maximum annual mortality rate (Schaphoff et al., 2018b). As a result, prolonged
water de cits only lead to die-off when plants repeatedly fail to maintain suf cient biomass. Moreover, this mortality process

is only active when land cover is simulated dynamically and is not applied when land cover is prescribed.
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2.2.2 LPJmL-5 input and output

In this study, LPIJmL-5 was used to simulate vegetation dynamics at a 0.1° spatial resolution ( 11 km) and a daily temporal
resolution. The model was forced with meteorological forcing, soil properties, land use, and land cover derived from observa-
tional datasets (Table 1). Daily meteorological forcings are taken from the W5ES5 dataset and include temperature, precipitation,
downward longwave and shortwave radiation, and wind speed (Lange et al., 2022). Soil inputs include static variables such as
soil pH (Volkholz and Miller, 2020) and soil type (Knoben, 2021), as well as dynamic inputs like monthly nitrogen deposition
(NH4 and NQ) (Yang and Tian, 2023). Annual atmospheric £&ncentrations were taken from Blichner and Reyer (2022).

Land use and country code data are provided at a 5-minute ( 9.25 km) spatial resolution, and soil type data at 250 m. All three

were regridded to a 0.1° spatial resolution, whereas soil pH and climate forcing data are downscaled using a nearest neighbou

115 interpolation from their original 0.5° ( 55 km) resolution.
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The land use map was primarily derived from International Food Policy Research Institute (IFPRI) (2024), which provides
information on crop areas. However, the crop types in this dataset did not directly match the CFTs used in LPJmL-5, so they
were reclassi ed accordingly. Additionally, pasture areas are a land-use type in LPIJmL-5 but were not included in the IFPRI
dataset. These were obtained from the ESA land cover maps (Harper et al., 2023) and incorporated into the land-use input
For the land cover input, we used the ESA PFT maps (Harper et al., 2023), which provide fractional cover of tree, shrub, and
grass types. Because LPJmL-5 separates PFTs by climate zone (tropical, temperate, and boreal), we reclassi ed the ESA PF
maps to match the PFTs in LPImL-5 using the K&ppen-Geiger classi cation (Beck et al., 2023), following the approach of
Forkel et al. (2019)(see Supplements S6). Shrubs were merged with the corresponding tree PFTs because LPIJmL-5 does n
distinguish between these growth forms. This procedure ensured that land-use and land-cover inputs were compatible with the

12F=getation types represented in LPImL-5.

LPJImL-5 provides a multitude of vegetation-related outputs on ecological, hydrological, and agricultural components (such
as leaf area index, soil moisture, runoff, and crop yields). To study vegetation response to drought, this study used the monthly
Gross Primary Production (GPP), which is the amount of carbon captured from the atmosphere through vegetation photosyn-
thesis (Beer et al., 2010). The GPP output used in this study was produced at a 0.1° spatial and monthly temporal resolution.

2.3 Model validation
2.3.1 MODIS GPP as validation dataset

In this study, we evaluated simulated GPP by LPIJmL5 against MODIS satellite derived GPP estimates. Although MODIS GPP
is widely used, it is not purely observational, but derived using the MOD17 light-use ef ciency algorithm and relies on inputs
such as MODIS FPAR, meteorological drivers, and land-cover classi cation (Running and Zhao, 2021). Therefore, before using
it as a validation dataset, we assessed how well the MODIS GPP product represents vegetation productivity (Supplements S3)
We compared MODIS GPP with two satellite products that are more directly observation-based: the Enhanced Vegetation
Index (EVI; Didan (2015a, b)) and solar-induced uorescence (SIF; Wang and Zhang (2023)). Both comparisons showed strong
and statistically signi cant relationships, particularly outside tropical regions, indicating that MODIS GPP captures large-scale
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variability in vegetation productivity. Other validation studies report similar limitations, with reduced performance mainly in
tropical ecosystems. A full description of these analyses is provided in Supplements S3. Together, these results support the us
of MODIS GPP as a validation product for LPImLS5, while acknowledging that uncertainties are larger in tropical regions.

To ensure consistency with LPImLS5 output, the MODIS GPP data was regridded to a spatial resolution of 0.1° and a monthly
temporal resolution. Because LPJmL-5 provides a single GPP value per grid cell, each cell was assigned to its dominant
vegetation type. CFT fractions were aggregated into one cropland category, while natural PFTs were grouped into broader

classes: tropical trees, temperate trees, boreal trees, tropical C4 grass, temperate C3 grass, and polar C3 grass (Appendix A)
2.3.2 Kling-Gupta Ef ciency

To quantify model performance, we used the Kling-Gupta Ef ciency (Gupta et al., 2009), which combines correlation, bias,
and variability into a single metric:

KGE =1 p(r 1) 2+( 1) 2+( 1) 2 1)

where r is the linear correlation between observations and simulations,ig‘s- a measure of the variability error, and =

=g bias term. Here, ops and s, are the standard deviations of the observations and simulations, respectively, while
sm and gps are the corresponding means. KGE values greater than -0.41 indicate that the model performs better than the
mean benchmark, while a value of 1 indicates perfect agreement between simulations and observations (Knoben et al., 2019)
This allows us to assess how well LPImL-5 simulates GPP for different PFTs compared to MODIS, and to identify structural
1p@tterns in performance across the globe.

2.4 \Vegetation sensitivity to varying drought timescales

After evaluating how well LPIJmL-5 simulates general patterns of GPP compared to MODIS GPP, we examined how well
LPJmL-5 can model vegetation responses to drought. Here, we aim to understand modelled vegetation sensitivity to drought
without differentiating between "normal” and "multi-year" droughts. To ensure a fair comparison of vegetation responses
across regions and to remove seasonal variation, the GPP data was normalized and standardized using z-score normalizatic
resulting in a standardized GPP anomaly (gPP The reference normalization period was chosen to match the MODIS
dataset (2000-2019) to avoid errors resulting from GPP trend differences between modelled and observed data.

Vegetation can respond differently to drought events of different durations. To capture this, we used the extreme-based
method developed by Deng et al. (2022). This method examines how different drought durations affect vegetation across
various SPEI timescales (ranging from 1 to 24 months). Speci cally, we calculated the averagge @Rponse for each
timescale and identi ed which one has the strongest negative impact during drought periods. This timescale is referred to as
the dominant drought timescale and re ects how quickly vegetation responds to drought stress. Shorter timescales indicate
faster, more sensitive responses, while longer timescales suggest a slower response and less drought-sensitive vegetation. F
this analysis, a SPEI threshold of -1 was chosen to de ne atmospheric drought conditions, as suggested by McKee et al. (1993)



170 2.5 Vegetation response to MYDs

After determining how sensitive vegetation is to drought at different timescales, we further investigated how vegetation in
LPJmL-5 responds to MYDs speci cally. We compared MODIS observations and LPJmL-5 simulations by analysing global

spatial patterns together with temporal dynamics in selected focus regions. Vegetation responses during MYDs were quanti ed
by using the mean GRR during MYD events.

1752.6 Selection of Focus Regions

180

While this study primarily examines global drought patterns, it also focuses on selected focus regions to better understand local
drought dynamics and how regional differences affect vegetation responses. The focus regions used in this study are: Californic
(CAL), the Rhine-Meuse delta in western Europe (WEU), the Brahmaputra River basin spanning Bangladesh, India, Bhutan,
and China (BRA), central Argentina (ARG), the Orange River basin in southern Africa (SA), and the Murray-Darling basin in
Australia (AUS) (Appendix B). These regions correspond to the focus regions used by Ruijsch et al. (2025) examining MYD
patterns. The focus regions were selected based on the number of MYDs that have occurred between 2000-2019, geographi

and climatic diversity, and variation in vegetation types, ensuring a broad representation of both water- and energy-limited
regions across different climate zones.
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3 Results

The following sections describe different aspects of the analysis on the potential of LPIJmL-5 to simulate vegetation response
to (multi-year) droughts. Section 3.1 examines LPJmL's ability to reproduce satellite-derived GPP, while Sections 3.2 and 3.3
focus on its ability to reproduce (multi-year) droughts.

3.1 General performance of LPIJmL-5

To evaluate LPImL-5's ability to simulate GPP, we compared modelled GPP to MODIS-derived GPP using two simulation
setups: dynamic and prescribed land cover. The dynamic land cover setup allows vegetation fractions to shift in response to
climate and includes background mortality, capturing potential vegetation loss (Schaphoff et al., 2018b). However, dynamic
vegetation does not necessarily match observed vegetation types, which can lead to differences in GPP due to mismatche
vegetation types. The prescribed land cover simulation maintains xed vegetation fractions based on observed maps. This
approach ensures that variations in GPP result from the model's ability to simulate vegetation productivity. However, this setup
does not include background mortality, potentially causing an underestimation of vegetation loss. By comparing both setups,
we can determine which one provides a better representation of satellite-derived GPP and choose the setup to be used in late
analyses. Model performance is evaluated by comparing LPJmL-5 and MODIS GPP using the KGE metric (Section 3.1.1) and
time series analysis (Section 3.1.2).

3.1.1 Evaluating Model Performance with the KGE metric

Figure 2 shows the spatial distribution of the KGE and its components (correlation, bias, and variability) for both dynamic and
prescribed land cover simulations. Overall, the prescribed land cover demonstrates a clear performance improvement over the
dynamic simulation (Figures 2a and b).

The dynamic land cover consistently shows low agreement with MODIS across all KGE components (Figures 2c, e and
g). The agreement is particularly poor in the Southern Hemisphere, with KGE values often falling below -0.41, which is the
threshold for a skilful performance. In contrast, the Northern Hemisphere generally shows a better performance. Switching to
prescribed land cover results in improved KGE scores globally. However, the performance difference between the Northern
and Southern hemispheres remains.

When examining the individual KGE components, the correlation between modelled and satellite-derived GPP is relatively
high for both simulations, except in the tropical and semi-arid regions (Figures 2c and d). This suggésidrhabeaptures
the intra-annual response to changing meteorological conditions is similar between LPIJmL-5 and satellite-derived MODIS
GPP.

Both the bias (Figure 2e) and variability (Figure 2g) components are overestimated in the dynamic land cover simulation.
The bias frequently exceeds 2, except in the tropical regions, suggesting that the model's mean GPP is approximately double
that of the satellite-derived value. The prescribed land cover simulation (Figure 2f) signi cantly reduces this bias, particularly
in tropical and temperate regions, bringing modelled GPP closer to the satellite-derived reference. Arsingijgattern is



observed for the GPP variability, where the dynamic land cover shows overestimated variability (greater than 2) in Figure 2g,

while prescribed land cover reduces this variability (Figure 2h).
These differences in model performance can be attributed to discrepancies betweerdtiedmodelledand observed
vegetation types when using dynamic land cover. For example, we observe that LPImL-5 simulates tree cover in regions where
220 the ESA land cover map shows predominantly grasslands, such as Western Europe and parts of South Africa (see Appendix C
and Supplements S5). These discrepancies in vegetation types lead to differences in GPP that are not related to the model
capability to simulate GPP responses to changing meteorological conditions, but rather to inconsistencies in vegetation cover.
By using prescribed land cover fractions based on the ESA land cover map, we observe an improvement in model performance

with remaining errors linked to LPJmL-5's inability to accurately simulate the GPP response to changes in meteorological

225 conditions.
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Figure 2. Spatial comparison of LPIJmL-5 model performance using the Kling-Gupta Ef ciency (KGE) metric and its components for
dynamic (left column) and prescribed (right column) land cover simulations. The rows show (a—b) overall KGE, followed by its components:

(c—d) correlation, (e-f) bias, and (g-h) variability.

11
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To further assess model performance in the prescribed land cover simulation, we analyse the KGE distribution for each PFT,
as shown in Figure 3. This cumulative distribution function (CDF) displays the proportion of grid cells for each dominant
vegetation type (Appendix A) that exceed the KGE threshold of —0.41, which represents the mean benchmark (Knoben et al.,
2019).

The performance of LPIJmL-5 varies signi cantly across PFTs. Croplands show the lowest agreement with satellite-derived
GPP, with over 60% of grid cells falling below the KGE = —0.41 line. In contrast, temperate trees show the best agreement,
with 90% showing skilful GPP simulations. Approximately 80% of areas dominated by boreal trees show good agreement
with MODIS data. Polar and temperate C3 grasses are the dominant PFTs and exhibit intermediate performance, with arounc
75% of their area showing signi cant skill. Tropical trees show moderate KGE values, indicating a moderate performance in
simulating the GPP. The corresponding analysis for the dynamic land-cover simulation (Figure C2) shows consistently lower
agreement across most PFTs than for prescribed land cover.

Overall, the KGE map and the CDF analysis (Figures 2, 3, and C2) indicate that simulating with prescribed land cover
outperforms dynamic land cover in LPIJmL-5. However, signi cant improvements in modelled GPP response can still be made
in the Southern Hemisphere and for croplands. Based on these results, all subsequent simulations will be done using prescribe

land cover to ensure a more robust comparison with observational data.
3.1.2 Evaluating Model Performance with the GPP Time Series

Figure 4 shows the monthly GPP for LPIJmL-5 (with prescribed land cover) and MODIS across the six focus regions between
2000 and 2019. The background shading represents the SPEI-12, highlighting dry periods in red and wet periods in blue.
Additionally, the gure includes the correlation between MODIS and LPJImL-5.

with peaks occurring earlier in the season compared to MODIS; (2) Overestimation of summer GPP peaks, and in some case:
underestimation of winter values; (3) Lower model performance during dry periods.

These patterns are re ected to varying degrees across the focus regions. CAL and BRA show the temporal shift, which may
be the cause of the lower correlation with MODIS. BRA and WEU exhibit overestimation of summer GPP peaks, with SA
also showing the underestimation of winter values. ARG performs relatively well, although it also shows slightly increased
summer peaks. In AUS, the contrast between wet and dry periods is largest, with GPP simulated accurately during wet periods,
while the model does not capture dry periods well. Despite these issues, WEU, ARG, SA, and AUS show relatively high
correlation values, indicating that LPJmL-5 generally captures the seasonal and interannual patterns of satellite-derived GPF
in these regions. Overall, based on the KGE values and the time series analysis, we can conclude that LPIJmL-5 simulates GP!

2easonably well, although notable regional differences remain.

12



Figure 3. Cumulative distribution function (CDF) of the KGE of the prescribed land cover GPP for the different vegetation types in LPImL-
5. Percentages show the percentage of grid cells with that dominant land cover. Black dashed line indicates KGE =-0.41. Values greater thar

-0.41 indicate that the model improved upon the mean benchmark.
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3.2 General drought response

To evaluate the ability of LPImL-5 to capture vegetation drought response, we applied the extreme-based method (Section 2.4)
This method identi es the dominant drought timescale, de ned as the SPEI timescale (ranging from 1 to 24 months) that has
#ée most negative impact on vegetation during drought periods.

The spatial distribution of dominant drought timescales, shown in Figure 5, shows a clear difference between MODIS (a)
and the LPJmL-5 simulations (b). Compared to MODIS, LPImL-5 exhibits shorter dominant timescales, indicating a faster
GPP response to drought. This difference is most pronounced in the Southern Hemisphere. LPJmL-5 also shows a skewet
distribution with a clear peak around 2 months (panel c), whereas the MODIS response is more evenly distributed. Overall,
these patterns highlight differences in temporal sensitivity between LPImL-5 and the satellite-derived reference, with LPImL-5

showing shorter response times during drought periods.

14
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3.3 MYD and ND response
After evaluating LPJImL-5's response to droughts in general, this study now shifts its focus to MYDs and NDs.
3.3.1 Temporal patterns

Firstly, we examine how well LPIJmL-5 captures the timing and magnitude of&ERBring MYDs and NDs across the focus
regions. Figure 6 shows thigneseriegime seriesof GPRa for the satellite-derived reference (MODIS) and LPJmL-5, with

MYDs and NDs indicated by red and orange shaded areas, respectively.

Overall, LPJmL-5 captures the timing and magnitude of &PBnomalies reasonably well, showing relatively high corre-
lations with MODIS in most regions. The model aligns particularly well in CAL, WEU, ARG, and AUS, while performance
is somewhat lower in SA and BRA. Correlations during MYDs are higher than those for the entire time series in all regions
except BRA, and generally higher than those during NDs, except in ARG and BRA. This suggests that LPIJmL-5 simulates
MYD dynamics more accurately than ND dynamics.

Nonetheless, some systematic differences remain during MYDs: (1) the model tends to simulate a too fast and severe decline
in GPR;5 at the onset of MYDs, and (2) it exhibits strong variability during MYD periods, especially in the form of abrupt
recovery spikes that are not seen in the satellite-derived reference.

These biases are re ected across the focus regions to varying degrees. In WEU, the model simulates an gartiydpPP
that precedes the reference onset. CAL shows a similar offset, likely linked to the timing mismatch seen in Figure 4. In BRA,
the rst MYD minimum occurs too early in the model, while the second MYD ends with a sudden increase g GBP
seen in the reference, again indicating an early response and rapid recovery. ARG captures drought severity relatively well but
still shows some abrupt recovery spikes during MYDs. SA also shows the rapid onset and overestimated recovery rate, despite
persistently low SPEI-12 values. AUS shows the best overall agreement, with most MYDs being captured well. However, the
second MYD still shows the strong variability mid-drought, though less severely.

Overall, while LPImL-5 tends to simulate an overall more dynamic response with faster declines and rapid recovery during
MYDs, it successfully reproduces the key temporal dynamics of MYDs relative to the satellite-derived reference.
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3.3.2 Spatial patterns

In addition to the regional time series analysis, we now examine global spatial patterns of vegetation response to MYDs.

Figure 7 shows the spatial distribution of the mean &PHBuring MYDs, as derived from (a) the MODIS reference and (b)

the LPJmL-5 model. Negative values (red) indicate below-average GPP during MYD periods, while positive values (green)
29adicate GPP being higher than average.

Overall, LPImL-5 simulates less severe @RBuring MYDs compared to MODIS. However, the Spearman rank correlation
(0.326, p <0.001) still indicates a similarity in the overall spatial patterns between the model and the reference. This means
that the model captures some important hotspot areas, but there are still noticeable differences. We attribute these difference
largely to the abrupt recovery events in the model, as seen in Figure 6. The violin plot (Figure 7c¢) shows that MODIS has a
slightly lower median. However, LPJmL-5 displays more extreme values at both ends of the distribution, indicating greater
variability in the modelled MYD responses.

To further highlight these differences, Figure 8 shows the spatial difference in meapa @Bfng MYDs between MODIS
and LPJmL-5 and two-dimensional Kernel Density Estimate (KDE) plots for the different PFTs. Purple shades indicate under-
estimation of negative drought impacts, while orange shades indicate underestimation of positive impacts or overestimation of
negative impacts. Black, grey and white areas indicate close agreement between the model and the reference.

LPJmL-5 shows a reasonable agreement with MODIS in most regions, as indicated by the black, grey and white areas. These
areas include Central North America, Europe, and parts of East and West Asia. However, there are several regions that emerg
as hotspots of LPIJmL-5 underestimation of GPP anomalies (visible as dark purple areas), including Australia, Northwest India,
Pakistan, Southern Africa, Central Argentina, Eastern Brazil, and Northern Mexico. In these regions, LPIJmL-5 shows weaker
or absent negative responses, suggesting that the model does not fully capture drought severity in these areas. This nding i
consistent with the temporal patterns shown in Figure 4. Additionally, LPIJmL-5 tends to underestimate the satellite-derived
positive GPP responses in the arctic boreal zone (visible as orange areas). Here, the model does not reproduce the positive GF
anomalies during MYDs seen in the MODIS reference data (Figure 7 and Ruijsch et al. (2025)).

Beyond spatial patterns, differences between LPImL-5 and MODIS also vary by PFT (Figure 8). Tropical trees show a wide
spread in MYD GPP responses, while temperate trees align more closely with MODIS but still occasionally underestimate
negative impacts (lower right quadrant). Grasslands show reasonable agreement, with LPIJmL-5 capturing most directions
of the MYD response correctly. Croplands, although displaying the weakest agreement in absolute GPP (Figure 3), show
strong agreement in drought-induced GPP anomalies. This is re ected by the lowest RMSE among all PFTs (Figure 8). This
indicates that, despite limitations in simulating absolute productivity, LPJmL-5 more consistently captures the relative response

320f croplands to drought events.

Overall, LPImL-5 reproduces several key temporal and spatial MYD patterns present in the MODIS reference, but still
shows some model bias in both time and space. Temporally, LPIJmL-5 often simulates faster and stronger vegetation declines
at the onset of the MYD than the satellite-derived reference and shows a fast recovery during the drought period. Spatially,
LPJmL-5 shows a reasonable agreement with MODIS in most regions and for most PFTs, but also shows some underestimatior
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325 of both strong negative and strong positive vegetation responses. These biases may be caused by short-term overreactions al
rapid recoveries in the model's time series, which reduces the average drought response.
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4 Discussion

Overall, this study assesses LPJmL-5's ability to simulate global vegetation responses to (multi-year) droughts. First, com-
paring dynamic and prescribed land cover settings in LPJmL-5 revealed that prescribed land cover improves agreement with
MODIS GPP. The lowest agreement is generally found in the Southern Hemisphere and in cropland-dominated regions. Sec-
ond, LPImL-5 and MODIS GPP exhibit similar broad seasonal and interannual variability, although the model tends to simulate
stronger GPP dynamics and introduces temporal shifts relative to the satellite-derived reference. Third, using the extreme-base
method to identify the timescale at which drought has the strongest impact on vegetation, we found that LPJmL-5 simulates
shorter dominant drought timescales than MODIS, particularly in tropical regions and the Southern Hemisphere, indicating a
faster modelled GPP response to drought conditions. Fourth, the analysis of MYDs revealed a consistent pattern of model bias
across both time and space. Temporally, LPIJmL-5 simulates stronger and more rapid GPP declines at the onset of MYDs anc
shows faster recovery during drought periods compared to the reference. Spatially, the model shows muted representations o
both strong negative and strong positive GPP anomalies compared to MODIS.

Overall, LPImL-5 simulates faster GPP declines and recoveries during droughts than the satellite-derived reference, sug-

gesting limitations in how the model represents vegetation resistance and resiliergeriaducedwater-inducedtress and

mortality.
4.1 Uncertainties in the model choices and setup

Different choices in model parametrisation and setup can lead to signi cant differences in modelled GPP. For example, both
the choice of meteorological forcing dataset (ERA5 (Hersbach et al., 2023) vs. W5ES5 (Lange et al., 2022)) and the temporal
resolution (monthly vs. daily) havera signi cant impact on simulated GPP patterns (Supplements S4). This indicates that

it is important for future drought oriented studies to make clear choices with regard to the modelling setup. In thisetudy
selected the daily W5ES dataset (Lange et al., 2022), as it is bias-corrected and offers a high temporal resolution and the tota
global GPP was closest to that found in observational datasets.

Our analyses also showed that GPP output is highly sensitive to the radiation inputs (Supplements S4). GPP values variec
substantially depending on whether the model calculated radiation internally or used observed radiation data. We found that
errors in GPP are higher from internal estimation, compared to directly providing longwave and shortwave radiation from
observations.

Using dynamic land cover in LPImL-5 resulted in systematically overestimated GPP values across most regions (Figure 2

between modelled and observed vegetation distributions (Appendix C and Supplements S5), which is to be expected as the lan
cover is not constrained to the observed land cover. For example, LPIJmL-5 simulates tree cover in parts of Western Europe
where forests could exist naturally, but are absent today due to long-term human management. To better match satellite-derive
GPP and reduce these discrepancies, we prescribed land cover fractions, rather than letting the model simulate land cove

dynamically.
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4.2 Evaluation of GPP simulations and vegetation drought response in LPIJmL-5

Prescribing land cover in LPImL-5 improved the agreement with MODIS GPP, as indicated by higher KGE values in Figure 2.
This is consistent with studies showing that accurate land cover representation is essential for reproducing observed productiv-
ity patterns (Krause et al., 2022), and that constraining DGVM simulations with satellite-derived observations (including land
cover) enhances their ability to capture observed spatial patterns of vegetation and carbon dynamics (Forkel et al., 2019).

Breaking down the differences between LPJmL-5 and MODIS GPP during MYDs by vegetation type further highlights
varying model performance (Figure 8). Tropical trees show the largest variability in drought response, showing both under- and
overestimations of impacts. Similar results were found by Powell et al. (2013), who showed that terrestrial biosphere models
underestimate drought impacts on tropical forest biomass. Temperate trees generally align more closely with observations bu
still underestimate negative drought impacts. This is consistent with Kolus et al. (2019), who found that land carbon models
underestimate the severity and duration of drought effects on productivity across temperate forests in the US and Europe.
Similarly, Schaefer et al. (2012) observed that models frequently overpredict GPP under dry conditions, further pointing to an
underestimation of drought stress. Boreal trees and grasses are more prone to underestimated positive responses. Croplan
despite poorer agreement in absolute GPP dynamics, show comparatively better agreement in drought-induced anomalies. Thi
suggests that while LPImL-5 struggles to reproduce the magnitude of the GPP, it is able to capture relative deviations during
drought events. Such behaviour indicates that biases in absolute GPP do not necessarily translate into errors in anomaly-base
responses.

A key limitation underlying these issues appears to be how vegetation mortality is represented in LPJmL-5. In the model,
mortality is only driven by low productivity and heat stress, and can not be directly induced by prolonged water de cits.
Drought-induced mortality occurs only if plants fail to produce enough biomass to sustain themselves. However, this natural
mortality is capped by a maximum annual rate (Schaphoff et al., 2018b), which restricts how much vegetation can be lost due
to die-off each year. Moreover, this mortality mechanism is only active in the dynamic land cover setting, and is not applied
when land cover is prescribed. Since the simulations in this study use the prescribed land cover setting, no vegetation is lost
due to this background mortality. This means that while GPP may decline sharply during droughts, vegetation does not die,
causing unrealistically rapid recovery periods when precipitation (temporarily) returns. Although LPJmL-5 includes a heat-
stress mortality mechanism, it only applies to boreal trees (Schaphoff et al., 2018b). As a result, vegetation decline during
MYDs is not directly driven by water shortages, which prevents large-scale die-off and causes the model to underestimate
total vegetation loss. These limitations reduce the model's ability to simulate the full severity of vegetation decline, especially
during MYDs. This issue has been noted by Schaphoff et al. (2018a), who reported that the lack of realistic mortality processes
leads to an overestimation of simulated biomass and contributes to biases in GPP. Similarly, McDowell et al. (2013) found that
models which combine carbon starvation with hydraulic failure mechanisms are better able to reproduce observed drought-
induced tree mortality, and Zhou et al. (2013) highlighted the need to account for both stomatal and non-stomatal limitations

to realistically capture plant responses to water stress. Meyer et al. (2025) further showed that including hydraulic processes in
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LPJ-GUESS improves simulations of drought responses. Together, these ndings suggest that LPJmL-5 likely underestimates
the true impact of drought on vegetation.
Despite underestimating long-term vegetation loss, LPJmL-5 tends to overestimate vegetation decline at the start of droughts.

a rapid decline in GPP. This stress is determined by soil moisture availability and xed rooting depths for each PFT, without
accounting for dynamic rooting strategies, capillary rise or explicit groundwater processes (Schaphoff et al., 2018b). However,
in reality, vegetation often withstands short-term stress periods through drought survival strategies (Santiago et al., 2016;
Pivovaroff et al., 2016). At the same time, LPIJmL-5 also simulates unrealistic recoveries during the drought period. Since
there is no mortality, vegetation can survive during a drought period, resulting in no loss of biomass. When conditions improve
temporarily, for example due to brief rainfall, the model quickly simulates regrowth. This leads to an unrealistic drought
recovery effect. This is in contrast with real vegetation, which often suffers from long-term impacts (Wu et al., 2018). Both the
quick decline and recovery are consistent with ndings by Kolus et al. (2019), who show that land carbon models underestimate
the severity and duration of drought impact on plant productivity.

Together, the combination of overly sensitive short-term GPP decline, limited representation of long-term vegetation loss,
and unrealistically fast recovery during drought periods results in a mismatch in LPImL-5's simulated vegetation drought
response. While prescribing land cover improves the overall GPP performance, these structural issues in the mortality repre-
sentation limit the model's ability to simulate realistic vegetation dynamics during drought events. This is especially limiting

tality rates Cesljar et al., 2025) and are expected to become more frequent under climate change (Wiel et al., 2022).
4.3 Uncertainties in methodological choices

To improve the overall quality and reliability of our simulations, we used the state-of-the-art dynamic vegetation model LPJImL-
5. This model is publicly available with an extensive model description and evaluation (Schaphoff et al., 2018b, a; von Bloh
etal., 2018). LPImL-5 provides a multitude of vegetation-related outputs on ecological, hydrological, and agricultural compo-
nents, making it suitable for studying vegetation responses at the global scale.

Drought events were identi ed using the Standardized Precipitation Evapotranspiration Index (SPEI), which incorporates
both precipitation (P) and potential evapotranspiration (PET), allowing it to better re ect the impact of temperature on drought
severity (Vicente-Serrano et al., 2010). As a standardized index, SPEI also enables consistent spatial comparisons of drough
conditions at the global scale. By using a 12 month aggregation period for the SPEI, we also remove seasonal variations anc
focus on capturing MYDs.

As a standardized metric, SPEI characterizes drought conditions relative to the local climatic baseline, re ecting periods that
are characterized by below normal water availability. In energy-limited regions, such as the tropics or boreal forests, negative
SPEI values may occur even when absolute water availability remains relatively high (Zang et al., 2019). To ensure these
droughts correspond to meaningful reductions in water availability, we compared soil water content (SWC) during droughts
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and normal conditions (Supplements S2), nding consistently lower SWC across soil layers. This supports the interpretation
that identi ed MYDs correspond to periods of meaningful vegetation stress, even in energy-limited regions.

While there is currently no universally agreed-upon de nition of MYDs, we follow the approach of Wiel et al. (2022)
(see Section 2.1), which was also adopted in Ruijsch et al. (2025) and van Mourik et al. (2025). SPEI values are sensitive to
the method and input data used for calculating PET. We compared results using ERA5 and W5ES and found differences in
the number of MYDs identi ed for the period 2000-2019 (Supplements S4). Nonetheless, the MYDs identi ed in our focus
regions are broadly consistent with those reported in other studies (van Mourik et al., 2025; Wiel et al., 2022; Luo et al., 2017;
Liu et al., 2022; Chikoore and Jury, 2021; Naumann et al., 2023; van Dijk et al., 2013), despite minor differences in timing.

To evaluate vegetation responses, we used monthly MODIS GPP as a proxy for ecosystem productivity, representing the
amount of carbon captured from the atmosphere through photosynthesis (Beer et al., 2010). Previous drought studies have
often relied on the EVI (Ruijsch et al., 2025; Huang and Xia, 2019; Yang et al., 2024), but EVI is satellite-derived and not
directly available from LPJmL-5. Because MODIS GPP and EVI are strongly correlated (Rahman et al., 2005; Sims et al.,
2006; see also Supplements S3), including during multi-year droughts (Ruijsch et al., 2025), MODIS GPP can be considered a
suitable proxy for vegetation activity.

Several studies further indicate that MODIS GPP provides a meaningful representation of productivity across biomes, with
most errors linked to input datasets rather than the algorithm itself. Performance is generally good in temperate and mixed
forests, while errors are larger in evergreen broadleaf forests and tropical regions (Tang et al., 2015). Wang et al. (2017)
showed that much of the error originates from FPAR, land-cover misclassi cation, and light-use ef ciency parameters rather
than meteorology. Systematic underestimation has also been reported in grasslands (Zhu et al., 2018). These studies agree tf
cloud contamination and uncertainties in tropical regions remain key challenges. Taken together, the strong correspondence
between MODIS GPP, EVI, and solar-induced uorescence (Supplement S3) supports the use of MODIS GPP as our validation
dataset for LPImL-5 GPP, while acknowledging that performance is weaker in tropical ecosystems and that results should be
interpreted with these limitations in mind.

Although other sources of GPP data exist, such as site-level ux tower measurements, we choossatellitselerived
satellite-derivedMODIS GPP because it provides consistent, observation-based estimates at the global scale. To maintain
observational consistency and avoid mixing in other models, we did not include GPP estimates derived from other land surface
models as they are likely based on similar assumptions and equations as the LPJmL-5 model. Nonetheless, MODIS GPP is
subject to uncertainty, particularly in tropical regions (Supplements S3), and this should be kept in mind when interpreting the
results.
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455 5 Conclusion

460
berh strong negative and strong positive GPP anomalies.

Among PFTs, croplands show the best agreement with satellite-derived MYD responses. In contrast, boreal vegetation
shows underestimated positive drought responses and temperate vegetation underestimated negative ones. Tropical vegetati
displays more mixed results, with both over- and underestimation.

470
475

vegetation that is too responsive during both the drought onset and the recovery. This points to limitations in the representation
of vegetation resistance and resilience to water stress and mortality. Improving these processes is important to more accuratel
480 capture the magnitude of drought impacts and for strengthening con dence in model-based assessments of vegetation responst

to (multi-year)droughts.
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Appendix A: Dominant land cover types

Figure Al shows the dominant land cover types at a 0.1° spatial resolution, based on LPIJmL-5's land cover and land use datase
(see Table 1). Cropland fractions were combined into a single “cropland” category, while natural PFTs were grouped into
broader vegetation classes: tropical trees (tropical broadleaved evergreen and raingreen trees), temperate trees (needleleav
evergreen, broadleaved evergreen, and broadleaved summergreen trees), boreal trees (needleleaved evergreen, broadlea
summergreen, and needleleaved summergreen trees), tropical C4 grass, temperate C3 grass, and polar C3 grass.
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Appendix B: Number of MYDs and chosen focus regions

490 Figure B1 shows the number of MYDs (2000-2019) at a 0.5 ° spatial resolution from W5ES data (Lange et al., 2022)(See
Section 2.1 and Supplements S1). Black outlines indicate the chosen focus regions: California (CAL), the Rhine-Meuse delta
in western Europe (WEU), the Brahmaputra River basin in Bangladesh/India/Bhutan/China (BRA), central Argentina (ARG),
the Orange River basin in southern Africa (SA), and the Murray-Darling basin in Australia (AUS) (See Section 2.6).
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Appendix C: LPJImL dynamic vs ESA prescribed land cover

495 Figure C1 shows the difference in vegetation cover fractions between LPIJmL-5 and ESA. Globally, the ESA dataset shows
greater coverage of temperate and polar C3 grasses, as well as boreal needleleaved summergreen forests. In contrast, LPJm
5's dynamic vegetation simulates more temperate needleleaved evergreen trees, boreal needleleaved evergreen trees, bore
broadleaved summergreen trees, and tropical C4 grasses.
The CDFs in Figure C2 further show the impact of land cover on model performance. Across all vegetation types, the
500 prescribed land cover shows higher KGE values. The difference between prescibed and dynamic land cover is particularly
pronounced for temperate C3 grasses, which perform poorly with the the dynamic land cover. LPIJmL-5 substantially under-
represents the spatial extent of temperate C3 grasses, assigning them to only 2.7% of grid cells, compared to 22.2% under th
ESA-based classi cation. This mismatch likely contributes to the poor performance, as misclassi ed vegetation types lead to
unrealistic GPP estimates. Tree-dominated grid cells also show better performance with prescribed land cover, however, the
sdifference is less severe than for grasses.
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Code and data availability. The LPJmL-5 source code is openly available at https://github.com/PIK-LPJmL/LPJmL. This study uses version
v5.7.9 (released on May 2 2024).

All processed data required to reproduce the analyses are available at: https://doi.org/10.24416/UU01-U97GDE (Ruijsch and Wanders,
2026).

The raw datasets are publicly available from their respective sources (see Table 1).

All scripts used for postprocessing and analysis in this study are available at https://doi.org/10.5281/zenodo.17085725 (Ruijsch, 2025).

Author contributions. DR: Conceptualisation, methodology, software, validation, formal analysis, data curation, writing—original draft, vi-
sualisation. SH: Conceptualisation, formal analysis, writing—review and editing. HB: Conceptualisation, formal analysis, writing—review
and editing. NW: Conceptualisation, formal analysis, writing—review and editing, project administration, funding acquisition.

Competing interests. The authors declare that they have no con ict of interests.

Acknowledgements. Funded/Co-funded by the European Union (ERC, MultiDry, Grant Agreement number: 101075354). Views and opin-

ions expressed are however those of the author(s) only and do not necessarily re ect those of the European Union or the European Researc
Council. Neither the European Union nor the granting authority can be held responsible for them. DR and NW are supported by the ERC STG

MultiDry project. SH is supported by NWO VIDI project Recover VI.Vidi.223.009. HB is supported by the European Union (ERC-CoG,

520 3POLE2SEA, 101126168).

27



References

Allen, C. D., Macalady, A. K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, M., Kitzberger, T., Rigling, A., Breshears, D. D.,
Hogg, E. T., Gonzalez, P., Fensham, R., Zhang, Z., Castro, J., Demidova, N., Lim, J.-H., Allard, G., Running, S. W., Semerci, A., and Cobb,
N.: A global overview of drought and heat-induced tree mortality reveals emerging climate change risks for forests, Forest Ecology and
525 Management, 259, 660—684, https://doi.org/https://doi.org/10.1016/j.foreco.2009.09.001, adaptation of Forests and Forest Managemen
to Changing Climate, 2010.
Beck, H., McVicar, T., Vergopolan, N., Berg, A., Lutsko, N., Dufour, A., Zeng, Z., Jiang, X., van Dijk, A., and Miralles, D.: High-resolution
(1 km) Képpen-Geiger maps for 1901-2099 based on constrained CMIP6 projections, Scienti ¢ Data, 10, https://doi.org/10.1038/s41597-
023-02549-6, 2023.
530 Beer, C., Reichstein, M., Tomelleri, E., Ciais, P., Jung, M., Carvalhais, N., Rédenbeck, C., Arain, M. A., Baldocchi, D., Bonan, G. B.,
Bondeau, A., Cescatti, A., Lasslop, G., Lindroth, A., Lomas, M., Luyssaert, S., Margolis, H., Oleson, K. W., Roupsard, O., Veenendaal,
E., Viovy, N., Williams, C., Woodward, F. |., and Papale, D.: Terrestrial Gross Carbon Dioxide Uptake: Global Distribution and Covariation
with Climate, Science, 329, 834-838, https://doi.org/10.1126/science.1184984, 2010.
Buchner, M. and Reyer, C. P.: ISIMIP3a atmospheric composition input data, https://doi.org/10.48364/ISIMIP.664235.2, 2022.
535 Chikoore, H. and Jury, M.: South African drought, deconstructed, Weather and Climate Extremes, 33, 100334,
https://doi.org/10.1016/j.wace.2021.100334, 2021.
Choat, B., Brodribb, T. J., Brodersen, C. R., Duursma, R. A., Lépez, R., and Medlyn, B. E.: Triggers of tree mortality under drought, Nature,
558, 531-539, https://doi.org/10.1038/s41586-018-0240-x, 2018.
Cooley, H., Donnelly, K., Phurisamban, R., and Subramanian, M.: Impacts of California's ongoing drought: agriculture, Pac. Inst., 2015.
540 Deng, Y., Wu, D., Wang, X., and Xie, Z.: Responding time scales of vegetation production to extreme droughts over China, Ecological
Indicators, 136, 108 630, https://doi.org/https://doi.org/10.1016/j.ecolind.2022.108630, 2022.
DeSoto, L., Cailleret, M., Sterck, F., Jansen, S., Kramer, K., Robert, E. M. R., Aakala, T., Amoroso, M. M., Bigler, C., Camaré&ofar, J.,
K., Gea-lzquierdo, G., Gillner, S., Haavik, L. J., Heres, A.-M., Kane, J. M., Kharuk, V. I., Kitzberger, T., Klein, T., teWankiinares,
J. C., Mé&kinen, H., Oberhuber, W., Papadopoulos, A., Rohner, B., Sangliesa-Barreda, G., Stojanovic, D. B., Suarez, M. L., Villalba, R.,
545 and Martinez-Vilalta, J.: Low growth resilience to drought is related to future mortality risk in trees, Nature Communications, 11, 545,
https://doi.org/10.1038/s41467-020-14300-5, 2020.
Didan, K.: MYD13A2 MODIS/Aqua Vegetation Indices 16-Day L3 Global 1km SIN Grid V006, Data set. NASA EOSDIS Land Processes
Distributed Active Archive Center, https://doi.org/10.5067/MODIS/MYD13A2.006, Accessed 2024-03-19, 2015a.
Didan, K.: MOD13A2 MODIS/Terra Vegetation Indices 16-Day L3 Global 1km SIN Grid V006, Data set. NASA EOSDIS Land Processes
550 Distributed Active Archive Center, https://doi.org/10.5067/MODIS/MOD13A2.006, Accessed 2024-03-19, 2015b.
Dong, C., MacDonald, G., Willis, K., Gillespie, T., Okin, G., and Williams, A.: Vegetation Responses to 2012-2016 Drought in Northern and
Southern California, Geophysical Research Letters, https://doi.org/10.1029/2019GL082137, 2019.
Forkel, M., Druke, M., Thurner, M., Dorigo, W., Schaphoff, S., Thonicke, K., Von Bloh, W., and Carvalhais, N.: Constrain-
ing modelled global vegetation dynamics and carbon turnover using multiple satellite observations, Scienti c Reports, 9, 18757,
555 https://doi.org/10.1038/s41598-019-55187-7, 2019.

28



Gerten, D., Lucht, W., Ostberg, S., Heinke, J., Kowarsch, M., Kreft, H., Zbigniew, K., Rastgooy, J., Warren, R., and Schellnhuber, H.:
Asynchronous exposure to global warming: Freshwater resources and terrestrial ecosystems, Environmental Research Letters, 8, 2012
https://doi.org/10.1088/1748-9326/8/3/034032, 2013.

Gessler, A., Bottero, A., Marshall, J., and Arend, M.: The way back: recovery of trees from drought and its implication for acclimation, New

560 Phytologist, 228, https://doi.org/10.1111/nph.16703, 2020.

Gupta, H., Kling, H., Yilmaz, K., and Martinez, G.: Decomposition of the Mean Squared Error and NSE Performance Criteria: Implications
for Improving Hydrological Modelling, Journal of Hydrology, 377, 80-91, https://doi.org/10.1016/j.jhydrol.2009.08.003, 2009.

Harper, K. L., Lamarche, C., Hartley, A., Peylin, P., Ottlé, C., Bastrikov, V., San Martin, R., Bohnenstengel, S. I, Kirches, G., Boettcher, M.,
Shevchuk, R., Brockmann, C., and Defourny, P.: A 29-year time series of annual 300 m resolution plant-functional-type maps for climate

565 models, Earth System Science Data, 15, 1465-1499, https://doi.org/10.5194/essd-15-1465-2023, 2023.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horanyi, A., Mufioz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, I., Schepers, D.,
Simmons, A., Soci, C., Dee, D., and Thépaut, J.-N.: ERA5 hourly data on single levels from 1940 to present, Copernicus Climate Change
Service (C3S) Climate Data Store (CDS), https://doi.org/10.24381/cds.adbb2d47, accessed on 11-04-2024, 2023.

Huang, K. and Xia, J.: High ecosystem stability of evergreen broadleaf forests under severe droughts, Global Change Biology, 25, 3494-3503,

570 https://doi.org/10.1111/gcb.14748, 2019.

Hughes, N., Galeano, D., and Hatt eld-Dodds, S.: The effects of drought and climate variability on Australian farms, Australian Bureau of
Agricultural and Resource Economics and Sciences, Canberra, ISBN 978-1-74323-459-4, https://doi.org/10.25814/5de84714f6e08, cC
BY 4.0. http://doi.org/10.25814/5de84714f6e08, 2019.

International Food Policy Research Institute (IFPRI): Global Spatially-Disaggregated Crop Production Statistics Data for 2020 Version 1.0,

575 Geospatial Data. Harvard Dataverse, https://doi.org/10.7910/DVN/SWPENT, version 1.0, 2024.

Jiao, T., Williams, C., Rogan, J., De Kauwe, M., and Medlyn, B.: Drought Impacts on Australian Vegetation During the Millen-
nium Drought Measured With Multisource Spaceborne Remote Sensing, Journal of Geophysical Research: Biogeosciences, 125,
https://doi.org/10.1029/2019JG005145, 2020.

Knoben, W., Freer, J., and Woods, R.: Technical note: Inherent benchmark or not? Comparing Nash-Sutcliffe and Kling-Gupta ef ciency

580 scores, Hydrology and Earth System Sciences Discussions, pp. 1-7, https://doi.org/10.5194/hess-2019-327, 2019.

Knoben, W. J. M.: Global USDA-NRCS Soil Texture Class Map, HydroShare, https://doi.org/10.4211/hs.1361509511e44adfba814f6950c6e74
2021.

Kolus, H. R., Huntzinger, D. N., Schwalm, C. R., Fisher, J. B., McKay, N., Fang, Y., Michalak, A. M., Schaefer, K., Wei, Y., Poulter, B., Mao,

J., Parazoo, N. C., and Shi, X.: Land carbon models underestimate the severity and duration of drought's impact on plant productivity,
585 Scienti ¢ Reports, 9, 2758, https://doi.org/10.1038/s41598-019-39373-1, 2019.

Krause, A., Papastefanou, P., Gregor, K., Layritz, L. S., Zang, C. S., Buras, A., Li, X., Xiao, J., and Rammig, A.: Quantifying the impacts
of land cover change on gross primary productivity globally, Scienti ¢ Reports, 12, 18 398, https://doi.org/10.1038/s41598-022-23120-0,
2022.

Lange, S., Mengel, M., Treu, S., and Buchner, M.: ISIMIP3a atmospheric climate input data (v1.0), https://doi.org/10.48364/ISIMIP.982724,

590 iSIMIP Repository, 2022.

Liu, P.-W., Famiglietti, J., Purdy, A., Adams, K. H., McEvoy, A., Reager, J., Bindlish, R., Wiese, D., David, C., and Rodell, M.: Groundwater
depletion in California's Central Valley accelerates during megadrought, Nature Communications, 13, https://doi.org/10.1038/s41467-
022-35582-x, 2022.

29



595

600

605

610

615

620

625

630

Luo, L., Apps, D., Arcand, S., Xu, H., Pan, M., and Hoerling, M.: Contribution of Temperature and Precipitation Anoma-
lies to the California Drought During 2012-2015: contribution of T and P to CA drought, Geophysical Research Letters, 44,
https://doi.org/10.1002/2016GL072027, 2017.

McDowell, N., Rosie, F., Xu, C., Domec, J.-C., Holtta, T., Mackay, D., Sperry, J., Boutz, A., Dickman, L. T., Gehres, N., Limousin, J., Macal-
ady, A., Martinez Vilalta, J., Mencuccini, M., Plaut, J., Ogée, J., Rasse, D., Ryan, M., and Pockman, W.: Evaluating theories of drought-
induced vegetation mortality using a multimodel-experiment framework, The New phytologist, 200, https://doi.org/10.1111/nph.12465,
2013.

McKee, T., Doesken, N., and Kleist, J.: The Relationship of Drought Frequency and Duration to Time Scales, paper presented at 8th Confer-
ence on Applied Climatology, Am. Meteorol. Soc., Anaheim, Calif., 17, 1993.

Meyer, B. F., Darela-Filho, J. P., Gregor, K., Buras, A., Gu, Q.-L., Krause, A,, Liu, D., Papastefanou, P., Asuk, S., Grams, T. E. E., Zang,
C. S., and Rammig, A.: Simulating the drought response of European tree species with the dynamic vegetation model LPJ-GUESS (v4.1,
97c552¢5), Geoscienti ¢ Model Development, 18, 4643-4666, https://doi.org/10.5194/gmd-18-4643-2025, 2025.

Moravec, V., Markonis, Y., Rakovec, O., Svoboda, M., Trnka, M., Kumar, R., and Hanel, M.: Europe under multi-year droughts: How severe
was the 2014-2018 drought period?, Environmental Research Letters, 16, https://doi.org/10.1088/1748-9326/abe828, 2021.

Mduller, C. and Robertson, R. D.: Projecting future crop productivity for global economic modeling, Agricultural Economics, 45, 37-50,
https://doi.org/https://doi.org/10.1111/agec.12088, 2014.

Naumann, G., Podesta, G., Marengo, J., Luterbacher, J., Bavera, D., Acosta Navarro, J., Arias-Mufioz, C., Barbosa, P., Cammalleri, C.,
Cuartas, L. A,, et al.: Extreme and long-term drought in the La Plata Basin: event evolution and impact assessment until September 2022,
2023.

Pivovaroff, A., Pasquini, S., De Guzman, M., Alstad, K., Stemke, J., and Santiago, L.: Multiple strategies for drought survival among woody
plant species, Functional Ecology, 30, https://doi.org/10.1111/1365-2435.12518, 2016.

Powell, T., Galbraith, D., Christoffersen, B., Harper, A., Imbuzeiro, H., Rowland, L., Aimeida, S., Brando, P., Costa, A. C., Costa, M.,
Levine, N., Malhi, Y., Saleska, S., Sotta, E., Williams, M., Meir, P., and Moorcroft, P.: Confronting model predictions of carbon uxes
with measurements of Amazon forests subjected to experimental drought, The New phytologist, 200, https://doi.org/10.1111/nph.12390,
2013.

Rahman, F., Sims, D., Cordova, V., and El Masri, B.: Potential of MODIS EVI and Surface Temperature for Directly Estimating Per-Pixel
Ecosystem C Fluxes, Geophysical Research Letters, 32, https://doi.org/10.1029/2005GL024127, 2005.

Ruijsch, D.: deniseruijsch/MultiDry-Chapter2: v1, https://doi.org/10.5281/zenodo.17085725, 2025.

Ruijsch, D. and Wanders, N.: Multi-Dry Chapter 2; Exploring the Potential of LPIJmL-5 to Simulate Vegetation Responses to (Multi-Year)
Droughts, https://doi.org/10.24416/UU01-U97GDE, [Dataset], 2026.

Ruijsch, D., van Mourik, J., Biemans, H., Hauswirth, S. M., and Wanders, N.: Thrive or Wither: Exploring the Impacts of Multiyear Droughts
on Vegetation, Journal of Geophysical Research: Biogeosciences, https://doi.org/10.1029/2025JG008992, 2025.

Running, S. W. and Zhao, M.: User's Guide: Daily GPP and Annual NPP (MOD17A2H/A3H) and Year-end Gap-Filled
(MOD17A2HGF/A3HGF) Products: NASA Earth Observing System MODIS Land Algorithm (Collection 6.1), Numerical Terradynamic
Simulation Group, University of Montana, https://www.umt.edu/numerical-terradynamic-simulation-group/project/modis/user-guides/
mod17c6lusersguidevliimarl112021.pdf, 2021.

Santiago, L., Bonal, D., De Guzman, M., and Avila-Lovera, E.: Drought Survival Strategies of Tropical Trees, vol. 6, pp. 243-258, ISBN
978-3-319-27422-5, https://doi.org/10.1007/978-3-319-27422-5_11, 2016.

30



635

640

645

650

655

660

Schaefer, K., Schwalm, C. R., Williams, C., Arain, M. A,, Barr, A., Chen, J. M., Davis, K. J., Dimitrov, D., Hilton, T. W., Hollinger, D. Y.,
et al.: A model-data comparison of gross primary productivity: Results from the North American Carbon Program site synthesis, Journal
of Geophysical Research: Biogeosciences, 117, 2012.

Schaphoff, S., Forkel, M., Miller, C., Knauer, J., von Bloh, W., Gerten, D., Jagermeyr, J., Lucht, W., Rammig, A., Thonicke, K., and Waha,
K.: LPIJmL4 — a dynamic global vegetation model with managed land — Part 2: Model evaluation, Geoscienti c Model Development, 11,
1377-1403, https://doi.org/10.5194/gmd-11-1377-2018, 2018a.

Schaphoff, S., von Bloh, W., Rammig, A., Thonicke, K., Biemans, H., Forkel, M., Gerten, D., Heinke, J., Jdgermeyr, J., Knauer, J., Langer-
wisch, F., Lucht, W., Muller, C., Rolinski, S., and Waha, K.: LPIJmL4 — a dynamic global vegetation model with managed land — Part 1:
Model description, Geoscienti c Model Development, 11, 1343—-1375, https://doi.org/10.5194/gmd-11-1343-2018, 2018b.

Sims, D., Rahman, F., Cordova, V., El Masri, B., Baldocchi, D., Flanagan, L., Goldstein, A., Hollinger, D., Misson, L., Monson, R., Oechel,
W., Schmid, H., Wofsy, S., and Xu, L.: On the use of MODIS EVI to assess gross primary productivity of North American ecosystems,
Journal of Geophysical Research, 111, https://doi.org/10.1029/2006JG000162., 2006.

Tang, X., Li, H., Huang, N., Li, X., Xu, X., Ding, Z., and Xie, J.: A comprehensive assessment of MODIS-derived GPP for forest ecosys-
tems using the site-level FLUXNET database, Environmental Earth Sciences, 74, 5907-5918, https://doi.org/10.1007/s12665-015-4615-0,
2015.

van der Wiel, K., Batelaan, T. J., and Wanders, N.: Large increases of multi-year droughts in north-western Europe in a warmer climate,
Climate Dynamics, 60, 1781-1800, https://doi.org/10.1007/s00382-022-06373-3, 2023.

van Dijk, A., Beck, H., Crosbie, R., Jeu, R, Liu, Y., Podger, G., Timbal, B., and Viney, N.: The Millennium Drought in southeast Aus-
tralia (2001-2009): Natural and human causes and implications for water resources, ecosystems, economy, and society, Water Resource
Research, 49, https://doi.org/10.1002/wrcr.20123, 2013.

van Hateren, T. C., Chini, M., Matgen, P., and Teuling, A. J.: Ambiguous Agricultural Drought: Characterising Soil Moisture and Vegetation
Droughts in Europe from Earth Observation, Remote Sensing, 13, https://doi.org/10.3390/rs13101990, 2021.

van Mourik, J., Ruijsch, D., van der Wiel, K., Hazeleger, W., and Wanders, N.: Regional drivers and characteristics of multi-year droughts,
Weather and Climate Extremes, 48, 100 748, https://doi.org/https://doi.org/10.1016/j.wace.2025.100748, 2025.

Vicente-Serrano, S., Begueria, S., and Lépez-Moreno, J.: A Multiscalar Drought Index Sensitive to Global Warming: The Standardized
Precipitation Evapotranspiration Index, Journal of Climate, 23, 1696—1718, https://doi.org/10.1175/2009JCLI2909.1, 2010.

Volkholz, J. and Milller, C.: ISIMIP3 soil input data, https://doi.org/10.48364/ISIMIP.942125, 2020.

von Bloh, W., Schaphoff, S., Miller, C., Rolinski, S., Waha, K., and Zaehle, S.: Implementing the nitrogen cycle into the dynamic
global vegetation, hydrology, and crop growth model LPJmL (version 5.0), Geoscientic Model Development, 11, 2789-2812,
https://doi.org/10.5194/gmd-11-2789-2018, 2018.

Wang, L., Zhu, H., Lin, A, Zou, L., Qin, W., and Du, Q.: Evaluation of the Latest MODIS GPP Products across Multiple Biomes Using
Global Eddy Covariance Flux Data, Remote Sensing, 9, https://doi.org/10.3390/rs9050418, 2017.

Wang, S. and Zhang, Y.: Temporally corrected long-term satellite solar-induced chlorophyll uorescence (SIF) dataset (1995-2018),

665 https://doi.org/10.6084/m9. gshare.21546066.v1, 2023.

Wiel, K., Batelaan, T., and Wanders, N.: Large increases of multi-year droughts in north-western Europe in a warmer climate, Climate
Dynamics, 60, 1-20, https://doi.org/10.1007/s00382-022-06373-3, 2022.

Wittwer, G. and Waschik, R.: Estimating the economic impacts of the 2017-2019 drought and 2019-2020 bush res on regional NSW and
the rest of Australia, Australian Journal of Agricultural and Resource Economics, 65, https://doi.org/10.1111/1467-8489.12441, 2021.

31



670

675

680

685

Wu, X., Liu, H., Li, X., Ciais, P., Babst, F., Guo, W., Zhang, C., Magliulo, V., Pavelka, M., Liu, S., Huang, Y., Wang, P., Shi, C., and Ma,
Y.: Differentiating drought legacy effects on vegetation growth over the temperate Northern Hemisphere, Global Change Biology, 24,
504-516, https://doi.org/10.1111/gcb.13920, epub 2017 Oct 23, 2018.

Yang, J. and Tian, H.: ISIMIP3a N-deposition input data (v1.3), https://doi.org/10.48364/ISIMIP.759077.3, iSIMIP Repository, 2023.

Yang, M., He, Z., Pi, G., and You, M.: Spatiotemporal Variations in MODIS EVI and MODIS LAI and the Responses to Meteorological
Drought across Different Slope Conditions in Karst Mountain Regions, Sustainability, 16, https://doi.org/10.3390/su16177870, 2024.
Yang, X., Xu, X., Stovall, A., Chen, M., and Lee, J.: Recovery: Fast and Slow—\Vegetation Response During the 2012-2016 California

Drought, Journal of Geophysical Research: Biogeosciences, 126, https://doi.org/10.1029/2020JG005976, 2021.

Zang, C., Buras, A., Esquivel Muelbert, A., Jump, A., Rigling, A., and Rammig, A.: Standardized drought indices in ecological research:
Why one size does not t all, Global Change Biology, 26, 322—-324, https://doi.org/10.1111/gcb.14809, 2019.

Zhou, S., Duursma, R., Medlyn, B., Kelly, J., and Prentice, I.. How should we model plant responses to drought? An anal-
ysis of stomatal and non-stomatal responses to water stress, Agricultural and Forest Meteorology, s 182-183, 204-214,
https://doi.org/10.1016/j.agrformet.2013.05.009, 2013.

Zhu, X., Pei, Y., Zheng, Z., Dong, J., Zhang, Y., Wang, J., Chen, L., Doughty, R. B., Zhang, G., and Xiao, X.: Underestimates of Grassland
Gross Primary Production in MODIS Standard Products, Remote Sensing, 10, https://doi.org/10.3390/rs10111771, 2018.

Cesljar, G., Bakog, Z., Bodevic, I., Eremija, S., Luai¢, A., ivanovit, |., and Konatar, B.: Impact of Short-Term and Prolonged (Multi-Year)
Droughts on Tree Mortality at the Individual Tree and Stand Levels, Plants, 14, 1904, https://doi.org/10.3390/plants14131904, 2025.

32



Figure 4. Fimeseriesime seriesof the GPP for LPImL-5 with prescribed land cover (green) and MODIS (black) for the focus regions:
California (CAL), western Europe (WEU), Brahmaputra (BRA), middle Argentina (ARG), southern Africa (SA) and the Murray Darling
Basin in Australia (AUS). SPEI-12 is shaded in the background, where red areas indicate drier periods and blue areas wetter periods.
Additionally, the gure includes the correlation between MODIS and LPJmL-5 per region. Note that WEU uses a different y-axis range from

the other regions.
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Figure 5. Spatial patterns of the dominant drought timescale of gPfr a) the MODIS reference and b) the LPIJML-5 model. The
dominant timescale is de ned as the shortest SPEI timescale (between 1 and 24 months) that shows the most negatilteiG@fPéought
periods (with a SPEI threshold of -1). Bare areas and sparse vegetation are Itered out. ¢) Violin plot comparing the distribution of dominant

drought timescales between MODIS and LPJmL-5.
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Figure 6. Timeseries of GPPsa for LPJmL-5 and MODIS. MYDs and NDs are shaded in red and orange, respectively. Correlation coeffi-
cients between LPJmL-5 and MODIS are shown for the full time series, MYDs, and NDs. The grey line indicates the SPEI-12. The red and

blue dashed lines mark -1 and +1, respectively.
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Figure 7. Spatial pattern of the mean GPPsa during MYDs for a) MODIS and b) LPJmL-5. Positive values indicate higher GPP than normal
during MYDs, while negative values indicate reduced GPP values. Bare areas and sparse vegetation are filtered out. c) shows a violin plot

comparing the distributions of the mean GPPsa during MYDs from MODIS and LPJmL-5.
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Figure 8. Spatial differences in mean GPPsa during MYDs between MODIS and LPJmL-5. The map highlights regions where LPJmL-5
shows weaker or stronger vegetation responses relative to the satellite-derived reference. Purple shades indicate underestimated negative
impacts, while orange shades indicate underestimated positive or overestimated negative impacts. White, grey and black shades represent
regions where the model and reference agree closely on vegetation response during MYDs. Insets display two-dimensional kernel density
estimates (KDEs) for seven vegetation types, illustrating the distribution of differences in mean MYD responses. KDE levels are set to [0.05,

0.15, 0.25, 0.5, 0.75, 0.9, 1.0]. Root mean square error (RMSE) for each plant functional type is included in the insets.

37



Bl Tropical trees (TTr) B Temperate trees (TTe) [ Boreal trees (TBo) [ Cropland (Cr)
W Tropical C4 grass (GTr) [ Temperate C3 grass (GTe) Polar C3 grass (GBo)

Figure A1. Dominant land cover types at a 0.1° resolution for 2019. Vegetation categories include tropical trees (TTr), temperate trees (TTe),

boreal trees (TBo), cropland (Cr), tropical C4 grass (GTr), temperate C3 grass (GTe), and polar C3 grass (GBo).
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