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Abstract. Compound temperature–moisture extremes, such as droughts or hot–wet extremes, have a pronounced and some-

times long-lasting impact on vegetation productivity. Accurate simulation of the involved processes by emission-driven Earth

system models (ESMs) is crucial for inferring future terrestrial carbon uptake. However, ESMs often exhibit biases in the

frequency and intensity of climate and weather extremes. Their ability to reproduce observed impacts of extreme atmospheric

conditions on gross primary productivity (GPP) is therefore unclear. Comprehensive assessments of the statistical link be-5

tween compound events and vegetation productivity beyond individual regions or event types are rare. Here, we scrutinize

the relationship between temperature–moisture extremes and exceptionally low or high vegetation productivity in two state–

of–the–art ESMs, CESM2 and MPI-ESM1.2, and gauge their performance relative to observation-constrained data. We find

that temperature-moisture extremes modulate vegetation productivity in observations and models. The global-scale strength

and timing of the statistical relationship agree well between observation-based data and model output. However, this agree-10

ment deteriorates towards smaller spatial scales, especially in the low latitudes. Here, an overestimated coupling strength by

both models, likely related to biased rates of soil moisture change, suggests potentially unrealistic evaporative feedbacks, ex-

aggerated drainage, or inadequate effective water-holding capacity in ESMs. Nevertheless, all data sources identify coherent

significant relationships for all combinations of temperature–moisture and GPP extremes. This result highlights both beneficial

and detrimental influences of temperature–moisture compound events on vegetation productivity and the importance of com-15

prehensive assessments beyond single event types for capturing the net effect of climatic extremes on the biosphere. Further

research should examine whether overestimated plant productivity responses to extreme conditions are a recurring phenomenon

across all Earth system models. It could also investigate non-stationarity and nonlinearity of the relationships between climatic

and vegetation extremes under climate change.
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1 Introduction20

Climate change goes far beyond shifting the Earth’s mean state. Rising CO2 levels increase the likelihood of temperature and

hydroclimate extremes, threatening the planet’s ecosystems and human livelihoods (Mahecha et al., 2024). Temperature and

moisture anomalies can, individually, affect the biosphere. However, they tend to be particularly impactful when they co-occur

as compound extreme events (Zscheischler et al., 2014b), which is increasingly likely (Ridder et al., 2022; Li et al., 2024).

Examples of past compound events that severely damaged vegetation productivity include European heat–droughts diminish-25

ing carbon uptake by forests in 2018 and 2022 (Van Der Woude et al., 2023; Gharun et al., 2024; Zscheischler and Fischer,

2020), spring- and summertime cold–dry spells reducing gross primary production (GPP) in the mid- to high latitudes over

the past decades (Li et al., 2022), and diminishing tropical GPP in response to droughts caused by El Niño in 2015/2016

(Bastos et al., 2018). At the same time, heat–drought events followed by high GPP anomalies in Siberia in the 2010s (Flach

et al., 2021) and stronger tree growth in response to larger rainfall amounts from heavy precipitation days in semi-arid Australia30

(O’Donnell et al., 2021) are examples of climatic extremes that promoted vegetation growth. Disentangling these diverse, dam-

aging, and beneficial impacts of temperature–moisture extremes on vegetation, as well as being able to model and project them

under future climate change scenarios, is crucial (Zhou et al., 2019; Wu et al., 2021; Li et al., 2024), given the pivotal role of

GPP for the land carbon sink (Sharma et al., 2023) and other ecosystem services provided by vegetation (Mahecha et al., 2024).

35

Earth system models (ESMs), i.e., comprehensive models of ocean, atmosphere, land surface, and the carbon cycle, struggle

to capture the real-world frequency and intensity of temperature and moisture extremes both individually and in combination

(Lorenz et al., 2016; Haren et al., 2015; Norris et al., 2021; Simpson et al., 2025; Reichstein et al., 2013). It is unclear how well

ESMs capture the relationship between climatic (compound) events and vegetation productivity extremes. Both increased like-

lihoods of compound events and changes in their mechanistic link to vegetation extremes under climate change influence the40

land carbon sink and ecosystem functioning (Li et al., 2024; Tschumi et al., 2023). Abilities of ESMs to simulate the relation of

moisture availability and vegetation extremes have been studied for specific extreme event combinations such as heat–droughts

or heavy rainfall events (Harris et al., 2024; Flach et al., 2021; Li et al., 2022), but there are no comprehensive assessments

across event types and regions for the co-occurrence of temperature–moisture and vegetation. Most often, bias assessments

have focused on the drivers of vegetation extremes or their impacts, and were limited to specific areas (e.g., Villalobos-Herrera45

et al., 2021; Vogel et al., 2021). Assessing both on a global scale is crucial for model improvement and for developing statis-

tical bias corrections, if necessary, to feed into climate change impact assessments. ESMs may continue to underestimate the

likelihoods of temperature–moisture events and productivity extremes individually. However, if they accurately represented

the statistical relationships between compound and GPP extremes, relative changes in these relationships could still provide

valuable indications of shifting likelihoods of vegetation extremes under (hydro-)climate change.50

ESMs draw on land surface models (LSMs) to simulate impacts of weather extremes on vegetation. LSMs simplify or disre-

gard fine-grained, localized representation of plant species diversity, demographics, and ecosystem heterogeneities. Parametriza-
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tions aggregate effects of vegetation–climate interactions on the carbon cycle at sub-grid-scales. This includes processes that

affect a plant’s ability to assimilate carbon, plant physiology, plant-soil interactions, nutrient availability, surface and sub-55

surface water budgets, and climatic constraints (Blyth et al., 2021). The parameterizations employed in models from the sixth

climate model intercomparison project (CMIP6; Eyring et al., 2016) and the imminent CMIP7 cycle typically generalize

vegetation categories into functional types and average across heterogeneities, such as soil properties and root-zone nutrient

dynamics (Blyth et al., 2021).

60

Land and vegetation models within ESMs operate at a high level of abstraction compared to real-world complexity. Calibra-

tion of the remaining free parameters allows ESMs to represent average land carbon stocks and dynamics well (Arora et al.,

2020), at least in a transient mean state under present-day or recent-past climates. This suggests some predictive capabilities

for regional-to-global mean changes in terrestrial carbon stocks under near-future climate change. However, models tend to ex-

aggerate CO2 fertilization trends (Kou-Giesbrecht et al., 2025). It is also challenging to model the highly variable land carbon65

sink since (hydro-)climate variability affects moisture availability and, therefore, carbon uptake through vegetation (Gentine

et al., 2019). ESMs can represent the well-understood mechanisms by which moisture availability drives GPP, but results differ

across models, and they often miss the precise timing, intensity, and location of compound event impacts (Harris et al., 2024).

They also underestimate legacy effects on vegetation productivity compared to observations and paleovegetation reconstruc-

tions (Kolus et al., 2019; Dallmeyer et al., 2022). Whether these simplifications and model biases in occurrence and intensity70

of climate and biosphere extremes affect possible statistical links between the two types of extremes is unclear.

Here, we quantify model performance across combinations of compound and GPP extremes, for different regions, and spa-

tial scales. As a step towards quantifying the net effects of compound events on GPP extremes, we study whether compound

events increase the likelihood of subsequent GPP extremes, as well as potentially mitigating effects from the occurrence of75

compound events. For example, a prolonged cold-wet extreme in spring could increase soil moisture storage enough to reduce

the likelihood of low GPP extremes in summer.

We explore the statistical relation between temperature–moisture compound events and GPP extremes in two CMIP6 models

and assess them relative to gridded, observation-based products (Sect. 2). Employing a generalizable measure and statistical80

null model for this relationship (Sect. 3), we find reasonable agreement between models and observations (Sect. 4). However,

this agreement depends on spatial aggregation and is subject to model-specific biases. In particular, both ESMs tend to overes-

timate the local strength of the coupling between climatic and vegetation extremes. We suggest that this overestimation might

arise from an inaccurate soil moisture representation in the ESMs (Sect. 5.1). We find mechanistically comparable results

across both data sources despite the biases (Sect. 4.3, Sect. 5.2), providing opportunities to study climate change impacts on85

vegetation productivity beyond the mean state in comprehensive model intercomparisons (Sect. 5.3).
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2 Data

We scrutinize the capabilities of two frequently used, state-of-the-art ESMs from the CMIP6 cycle to capture statistical cou-

plings between temperature–moisture compound events and extremes in GPP within simulations of the recent past (1979–2014

CE). We explore historical simulations with global coverage from the Max Planck Institute ESM version 1.2 (MPI-ESM) (Mau-90

ritsen et al., 2019; Wieners et al., 2019) and the Community ESM version 2 (CESM2) (Danabasoglu et al., 2020; Danabasoglu,

2019). Both fall into typical ranges of CMIP6 models and commonly perform well in different types of model evaluations

(Tokarska et al., 2020; Kim et al., 2020; Arora et al., 2020; Wang et al., 2021). The models combine interacting submodels

of the atmosphere, ocean, land surface (including vegetation), and marine and terrestrial biogeochemistry at atmospheric res-

olutions of 1.875◦ by 1.875◦ (MPI-ESM) and 1.25◦ by 0.9◦ (CESM2), respectively. MPI-ESM contains JSBACH version 3.295

as a land and dynamic global vegetation model (Reick et al., 2013). The community land model (CLM) version 5 (Lawrence

et al., 2019) is the land and vegetation component of CESM2. Both land models are state-of-the-art for the CMIP6 cycle (Blyth

et al., 2021) and represent the (sub-)surface energy and moisture budgets, vegetation composition through plant functional

types (PFTs), nitrogen-limited photosynthesis with autotrophic respiration, and above- and below-ground heterotrophic respi-

ration. They both use LUH2 (Hurtt et al., 2020) as a historical land-use constraint, but differ in their ability to resolve land use100

management practices as granular PFTs, for example, regarding irrigation.

By selecting MPI-ESM and CESM2 for our case study, we bracket different characteristics of simulated extreme events.

Heavy precipitation extremes in CESM2 are more intense and closer to observations than in many other models, whereas

they are weaker in MPI-ESM than in most ESMs (Norris et al., 2021). This is reflected in surface and soil water budgets of105

JSBACH3.2, which show a low bias relative to observations and several other land models, including CLM5.0 (Seiler et al.,

2022). These differences between the ESMs are attractive for assessing the link between temperature-moisture and GPP ex-

tremes, because they can provide mechanistic insights into potential biases and commonalities. In contrast to the differences in

hydroclimate variability, the global carbon budget is close to the CMIP6 multi-model mean in both models, with a relatively

larger importance of land carbon sinks and more pronounced land carbon sink feedbacks in CESM2 compared to MPI-ESM110

(Arora et al., 2020). Against observational benchmarks of annual GPP, net biosphere productivity, carbon stocks, and latent

heat flux, CLM5.0 and JSBACH3.2 also show similar performance (Seiler et al., 2022). While JSBACH slightly outperforms

CLM5.0 for GPP and carbon stock benchmarks, CLM5.0 in turn outperforms JSBACH on evaporative feedbacks reflected in

the surface latent heat flux (Seiler et al., 2022).

115

For assessing the statistical coupling between climate and vegetation productivity extremes, we leverage gridded FLUX-

COM GPP data as an observation-based benchmark (Tramontana et al., 2016; Jung et al., 2020). FLUXCOM, specifically

the FLUXCOM+RS+METEO product, combines machine learning techniques, satellite observations, and meteorological data

from reanalyses to propagate localized FluxNet eddy covariance measurements into a spatially resolved product (0.5◦ by 0.5◦)

(Jung et al., 2020). FLUXCOM is available with different reanalysis datasets used to upscale point measurements. We employ120
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the ERA5 version of FLUXCOM (Hersbach et al., 2020; Muñoz Sabater, 2019), because, unlike the other reanalyses, ERA5

provides volumetric soil water content in addition to surface temperature and precipitation. Temperature, precipitation, and soil

moisture in ERA5 have been constrained by in-situ and remote sensing observations (Hersbach et al., 2020). We choose soil

moisture as the primary indicator for moisture, as it directly reflects the water available to the plants (McColl et al., 2022).

125

FLUXCOM’s mean GPP estimate was extensively tested against satellite observations, atmospheric inversions, and model

datasets (Jung et al., 2020). Seasonal GPP fluxes in FLUXCOM agree well with observational constraints on water stress,

despite deficiencies of soil moisture remote sensing data and FLUXCOM’s tendency to underestimate interannual variability

(Jung et al., 2020). Because FLUXCOM does not explicitly account for CO2 fertilization effects on GPP, long-term CO2 trends

are not consistently realistic, especially in the late 1970s to early 1990s (Jung et al., 2020). However, since we are focusing130

on the statistical link between climatic compound events and GPP extremes in general and not on its state-dependency, this

shortcoming is not limiting our assessment.

Our analysis covers the years 1979 to 2014, constrained by the ERA5 data used to produce the FLUXCOM dataset (starting

in 1979) and the termination of MPI-ESM historical simulations (at the end of 2014). We draw on daily climate data (surface135

air temperature, soil moisture, precipitation), but GPP is available only at monthly resolution. During preprocessing, all data

sources and variables are trimmed to this time interval and remapped to the spatial resolution of MPI-ESM1.2-LR.

3 Methods

We aim to quantify statistical relations between temperature–moisture extremes and extremes in vegetation productivity in

FLUXCOM, CESM2, and MPI-ESM data. The analysis workflow comprises four steps: 1. Pre-processing (Sect. 2), 2. compu-140

tation of temperature–moisture compound and vegetation productivity extremes (Sect. 3.1), 3. computation of co-occurrence

rates for the extremes (COR, Sect. 3.2), 4. significance testing (Sect. 3.3). Significant CORs reflect the strength of the statisti-

cal coupling between temperature–moisture and vegetation productivity extremes and indicate characteristic response times to

plant-physiologically demanding and beneficial conditions (Sect. 3.4).

3.1 Definition of climatic compound and GPP extremes145

After removing the seasonal trend, we define extreme events based on monthly thresholds and local extreme conditions. We

deliberately keep the anthropogenic CO2 trend in the data, because we are mainly interested in the mechanistic link between

temperature–moisture and GPP extremes and not on potential state dependencies of this link. Preliminary tests indicated that

artifacts from detrending outweigh the benefits of reducing non-stationarity.

150

We determine extreme conditions based on the univariate monthly event distributions of daily-resolved temperature and soil

moisture, and monthly-resolved GPP (Fig. 1a). For each variable, we define the 90th and 10th percentiles as thresholds for

5
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2000 CE time series at 60°W 14°S (South America)
Regional co-occurrence rate
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different increments

Average regionally and repeat 200x with
randomized binary series ↪ nullmodel

Figure 1. Definition and link of compound temperature–moisture events with GPP extremes for the example of hot–dry compound

events followed by low GPP extremes at 60 ◦W 14 ◦S, which is part of the South-American monsoon reference region (SAM; Iturbide

et al., 2020). Extreme conditions in grid cell surface air temperature, soil moisture, and GPP are defined separately for each variable with

respect to local monthly quantile thresholds and the period from 1979 to 2014 (a). Threshold values and whether exceedance or undercutting

is evaluated depend on the type of compound extreme. For a temperature–soil moisture compound event, extreme conditions must occur

in both variables and persist for at least three consecutive days. The outcome of this event detection is two binary time series of GPP and

compound extreme occurrences (b). If a compound and a GPP extreme occur with lag τ (τ ∈ [0,12] months), they are said to overlap (c).

Using this (lagged) co-occurrence, dividing by the number of compound extremes, and averaging across regions yields the regional (lagged)

co-occurrence rate (COR), here, for the SAM region (d). Because of the difference in resolution, a single GPP extreme can overlap with

multiple daily temperature–precipitation compound events. After normalization by climate–extreme occurrences, the COR ranges from 0 to

1. The COR computation is repeated with 200 randomized extreme occurrence time series to compute the central 95% of the null model’s

probability distribution (see Sect. 3.3).

hot/cold, wet/dry, and high GPP/low GPP extremes, respectively. Those percentile thresholds allow the identification of locally

extreme conditions relevant for local vegetation. Unique percentile thresholds for each location and dataset ensure we correctly

interpret different interannual variability structures in the datasets (Jung et al., 2020). Vegetation productivity is modulated by155

combined and integrated temperature–moisture conditions. Therefore, we combine the univariate temperature and soil moisture

extreme conditions and identify compound extreme conditions if the respective thresholds are crossed simultaneously (Fig. 1a).

This definition of compound extremes is independent of the data sources and simple to calculate, even for distributions with

multi-modality, zero inflation, and heavy tails, making it a robust measure of compound extremes (Hao et al., 2022). Short-lived

compound extreme conditions, lasting for some hours to a couple of days, have minimal physiological impact on vegetation160

productivity. Therefore, we require temperature–moisture compound events to last for a minimum of three consecutive days.

The analysis primarily relies on soil moisture to identify moisture extremes. However, we repeat the entire analysis using

precipitation to test robustness and mechanistic implications. Precipitation is indirectly linked to plant-available moisture, but

directly indicates extreme atmospheric conditions. It also reduces the effective integration timescale of extreme hydrological165

conditions. For precipitation, we restrict the event population to non-zero values before determining the threshold for low-

precipitation extremes, yet retain all time points in the analysis. This restriction is necessary to address regions with few

precipitation events.

6
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3.2 Co-occurrence rate (COR): measure of statistical coupling between temperature–moisture and GPP extremes

We compute the co-occurrence of both types of extremes with varying lag from 0 to 12 months to quantify the statistical re-170

lation between compound temperature–moisture events and GPP extremes. The occurrence of compound and GPP extremes

yields two binary event time series, which contain 1 if conditions are extreme at a given time step, and 0 otherwise (Fig. 1b,

c). Then, the co-occurrence of compound climate and GPP extremes at the same time is given by the product of both time

series (Fig. 1c). To compare the daily temperature and soil moisture data with the monthly GPP fluxes, we sum all compound

extreme occurrences within a month and compare the time series at monthly resolution. Therefore, several compound events175

can overlap with one vegetation productivity extreme, such that the values in the co-occurrence time series may exceed 1 at an

individual time step.

Since vegetation productivity can react to changing climatological conditions with a delay, we extend the computation to

cover non-zero time lags to include GPP extremes happening in the 12 months after extreme temperature–moisture conditions180

(Fig. 1c). For the resulting co-occurrences, a value of 1 indicates that a GPP extreme follows a compound climate extreme with

lag τ . We sum the co-occurrences at lag τ for the whole time series and normalize the sum by the total count of compound

extremes, yielding the co-occurrence rate COR(τ) (Fig. 1d). The normalization ensures a COR between 0 and 1. The higher

the COR, the higher the share of GPP extremes that follow after a compound climate extreme at a specific lag. For COR(τ) = 1

a GPP extreme would follow after every compound extreme with a lag τ , while for COR(τ) = 0 there would be no extreme185

GPP response.

3.3 Significance testing

We implement a two-sided randomization test to extract significant links between climatic precursors and GPP extremes. We

construct a null model for the null hypothesis that the observed COR occurs by chance by shuffling monthly time blocks, effec-

tively randomizing each event time series. With a block size of one month, we assume no persistent memory in the null model.190

Increasing the block size to several months has a negligible impact on the results (not shown). 200 null model realizations

proved sufficient for the resulting distribution and significance thresholds to converge approximately (Fig. S1, Supplementary

Information). We compute the CORs for each randomized time series in the ensemble, for each grid cell, and for each positive

time lag between a compound event and a GPP extreme.

195

If the COR for the original data falls outside the central 90% of the null model probability distribution, we reject the null

hypothesis (two-sided test) and consider the statistical link of GPP extremes and compound extremes to be significant. If the

COR lies in the upper 5%, the occurrence of a compound event appears to significantly increase the likelihood of a subsequent

GPP extreme. In turn, if the COR is below the null model’s 5th percentile, the occurrence of a compound event significantly

reduces the likelihood of a subsequent GPP extreme.200
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3.4 Interpreting the co-occurrence rate through its peak height and timing

We use the maximum offset of the COR to the null model (“peak height”) to quantify the coupling strength between compound

and GPP extremes in the observation-based and model data. The corresponding time lag (“peak timing”) then describes the

characteristic time for GPP fluxes to reach extreme values in response to temperature–moisture extremes. This response time

does not necessarily imply that a GPP extreme will always or exclusively occur within that period, but that it is most likely for205

a GPP extreme to occur at that time. Grid cell-level pattern correlations of peak height and timing provide a measure of spatial

agreement between modeled and observed responses.

In summary, co-occurrence rates quantify the strength and timing of the statistical relationship between GPP extremes in

the succession of temperature–moisture extremes. A significant COR implies that this relation is stronger than expected by210

chance. Depending on the context, significant statistical links either indicate an increase or a decrease in the likelihood of a

GPP extreme following a climatic extreme event. To comprehensively analyze the relationships between compound events and

GPP extremes, we separately analyze the coupling strength and timing for all combinations of hot/cold, dry/wet, and low/high

GPP extremes.

4 Results215

We investigate the relationships between temperature-precipitation compound extremes and GPP flux extremes in CESM2,

MPI-ESM1.2, and FLUXCOM observations. Based on the co-occurrence rate of compound events and GPP extremes, we

quantify regional variations in the mechanistic response and the agreement between simulation and observation data. We

first discuss the characteristics of the statistical relationship between cold–wet compound events and high GPP extremes as

an example (Sect. 4.1). Subsequently, we aggregate the results at regional and global scale to systematically evaluate model220

biases across all event combinations (Sect. 4.2). Finally, we explore mechanistic regimes that could explain the similarities and

differences between the data sources (Sect. 4.3). Note that we use shorthand expressions: "hot–dry–low" would, for example,

indicate co-occurrences of hot–dry climatic compound events followed by low GPP extremes.

4.1 Significant local links between cold–wet compound events and high GPP extremes

To provide an intuitive understanding of the COR as a measure of statistical coupling, we first explore how often cold–wet225

events are followed by very high vegetation productivity (cold–wet–high). The peak height of the co-occurrence rate (Fig. 2,

left column) reflects the maximum coupling strength between GPP extremes and compound events. The corresponding peak

timing (Fig. 2, right column) provides a characteristic response time of GPP to compound extreme conditions in temperature

and soil moisture (Sect. 3). For cold–wet–high, all datasets exhibit distinct regional and latitudinal patterns in peak height and

timing (Fig. 2). Mid- and low-latitude semi-arid to arid regions exhibit the strongest and spatially most extensive link between230

cold–wet events and high GPP extremes, reflecting the positive impact of additional moisture and lower evaporative pressure

8
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Figure 2. Highest share of co-occurrences (peak height) between cold–wet compound events and high GPP extremes (left column)

and the corresponding timing (right column) in FLUXCOM and simulations. Histograms in (a), (b) show all significant grid cells with

respect to the null model. Note that counts of peak timing are given on a logarithmic scale in (b). Gray shading in (c)–(h) masks these

insignificant data points. Crosses in (c) mark the FluxNet observation sites contributing to the FLUXCOM dataset. The 52 Central European

FluxNet sites are depicted as a single thick cross.

in moisture-limited environments. In contrast, there are almost no significant statistical links at high latitudes. The significant

coupling is particularly pronounced in MPI-ESM (Fig. 2a, e). Although the spatial patterns are often more pronounced in the

simulations, they are largely similar to those in FLUXCOM. This can be seen in pattern correlation coefficients between the

datasets: 0.48 (FLUXCOM with MPI-ESM), 0.39 (FLUXCOM and CESM), and 0.44 (CESM and MPI-ESM). These correla-235

tions give an indication of the average local agreement of spatial patterns between our datasets, regardless of systematic biases

(Fig. 3). For peak height, pattern correlations are medium to high for all combinations of compound events and GPP extremes,

ranging from 0.39 to 0.76, with hot–wet and cold–dry ranking higher than hot–dry and cold–wet events (Fig. 3a). Both ESMs

largely agree with FluxCom, more so than with each other.

240
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Figure 3. Global spatial pattern correlation coefficients of COR peak heights (a) and peak timings (b) for all combinations of extremes

and datasets. Note that pattern correlations were only computed for grid cells that are significant in both datasets. The share of overlapping

patterns is generally high, but varies by extreme type and dataset (Fig. S2).

Where the statistical link between cold–wet events and high GPP extremes is strong, the peak timing is typically small,

ranging from zero to two months. Notable exceptions are scattered across South America and Africa in FLUXCOM and

CESM2, and Australia in CESM2, where peak timings lie between 4 and 12 months. There are some local model-specific

discrepancies. For example, MPI-ESM simulations show lead times of 6 to 12 months in northern North America, whereas

CESM2 tends to produce occasionally higher lead times across all regions (Fig. 2b, h). Additionally, the spatial patterns for245

peak timing tend to be more noisy than for peak height. This is also reflected in low pattern correlations of the peak timing

(Fig. 3b). Across event types, average local agreement is mostly low for peak timing (Fig. 3b), unlike for peak height. As

an exception, across all dataset combinations we consistently find that hot–dry–high extremes behave similarly, with pattern

correlations between 0.45 and 0.54.

4.2 Regional variations in coupling strength and timing between types of extremes250

To systematically assess global and regional biases between the datasets, we aggregate the spatially resolved results for peak

heights and timings across all combinations of extremes. We use the IPCC AR6 land reference regions, which decompose the

global land area into 46 regions with coherent climatic conditions (Iturbide et al., 2020).

As an example, Northeastern South America (NES) shows a rapidly increasing co-occurrence rate of hot–dry or cold–wet255

compound extremes (Fig. 4a, b). In this region, which is characterized by a tropical non-seasonal climate, low moisture-high-

temperature conditions appear to have an up to eight-month legacy impact on vegetation productivity in MPI-ESM and CESM.
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Figure 4. Agreement in regionally averaged co-occurrence rate and timing between FLUXCOM and the MPI-ESM and CESM model

simulations. Average co-occurrence rates in North Eastern South America (NES) for hot–dry compounds followed by low GPP extremes

(a) and cold–wet events followed by high GPP extremes (b). Horizontal bands represent the 95% range of the null model realizations. Peak

height (c,e) and timing (d, f), as illustrated in (a), compared between FLUXCOM data and the MPI-ESM (c, d) and CESM simulations (e,

f) for all combinations of compound climate events and GPP extremes (color-coded). Only significant co-occurrences are shown. Marker

styles categorize IPCC AR6 land reference regions (Figure S5). Diagonal lines indicate perfect agreement between datasets. Global mean

agreement for any extreme type combinations (marked by different colors) is marked by circles.

In FLUXCOM, the strength of this effect is lower, and it declines more rapidly (Fig. 4a). By contrast, cold conditions associ-

ated with excess moisture appear to support vegetation productivity more immediately, and consistently between observations

and simulations (Fig. 4b). While the peak height and timing vary between regions, datasets and variables, the share of co-260

occurrences gradually declines in regions where a notable initial peak above the significance threshold was found. In NES for

example, both models show a peak height of around 55% for hot–dry–low, whereas the FLUXCOM data peaks around 31%

(Figure 4a). In contrast, all data sources agree on a lower peak height at around 30% for cold–wet–high (Figure 4b).
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4.2.1 Coupling strength

Overall, regional and especially globally averaged couplings between climate and vegetation extremes appear to be similar265

in observation-based and model data (Fig. 4c, e). All data sources consistently suggest the highest statistical association of

hot–wet–high and cold–dry–low extremes. However, these combinations, along with hot–wet–low extremes, also exhibit the

greatest regional spread in coupling strength. In FLUXCOM, globally averaged hot–wet–low and cold–dry–low extremes ex-

hibit coupling strengths similar to those of their high GPP counterparts. In contrast, in MPI-ESM, all combinations of dry

events followed by low GPP extremes and wet events followed by high GPP extremes are biased high compared to FLUX-270

COM. Therefore, unlike for FLUXCOM, all of these combinations rank higher than hot–wet–high and cold–dry–high. Global

mean statistical coupling strengths in CESM2 do not differ as much between event types as in MPI-ESM. However, this model

also exhibits a positive mean bias for hot–dry–low extremes.

Biases observed on the global scale are more pronounced regionally, where both models tend to overestimate statistical cou-275

pling strength between temperature–moisture and GPP extremes compared to FLUXCOM. This regional bias is particularly

evident in MPI-ESM for hot–dry–low, cold–wet–high, cold–dry–low, and hot–wet–high extremes. In CESM2 simulations, the

direction of biases is similar to MPI-ESM, but their amplitude tends to be smaller.

Cold–dry and hot–wet temperature–moisture extremes appear to have a larger regional spread than hot–dry and cold–wet ex-280

tremes. The pronounced latitudinal structure likely contributes to this as hot–wet extremes exhibit the highest coupling strength

in the tropics and subtropics (e.g., hot–wet–high mean (standard deviation): 56 (19)% in MPI-ESM, 47 (12)% in CESM2, and

48 (13)% in FLUXCOM) compared to the higher latitudes (41 (8)% in MPI-ESM, 41 (6)% in CESM2, and 40 (5)% in FLUX-

COM). To a slightly lesser extent, this pattern holds for cold–dry extremes (e.g., for cold–dry–low in FLUXCOM, 44 (12)% in

the subtropics and tropics and 38 (4)% in high latitudes).285

4.2.2 Timing

The capacity of vegetation and soils to buffer extreme conditions, and the type of growth-limiting regime (energy, moisture,

nutrients) influence the duration over which vegetation can sustain extremes and the time it takes for the GPP flux to respond

to them. This is reflected in the COR’s peak timing. Global model-observation biases are small, between -1.6 months (model

leading FLUXCOM data) and +1.9 months (model lagging FLUXCOM) for MPI-ESM simulations and between -0.6 and +0.9290

for CESM2 (Fig. 4d, f). Timing is short for immediate responses when buffering capacity is low, and supplies are limited. MPI-

ESM tends towards faster response times than FLUXCOM for all but the two slowest cases (hot–wet–low and cold–dry–high

events), highlighting how an immediate response can occur both for extreme events that damage and benefit vegetation produc-

tivity. Hot–dry compound events followed by low GPP extremes exhibit the shortest response time across the datasets at 1.7

to 2.2 months. Hot–wet–high, cold–dry–low, and cold–wet with low or high GPP events have similarly short response times,295

ranging from 1.7 to 3.8 months. The event combinations with the slowest response in all datasets are hot–wet–low (MPI-ESM:
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6.6, CESM2: 6.3, FLUXCOM: 5.7) and cold–dry–high extremes (MPI-ESM: 8.1, CESM2: 6.4, FLUXCOM: 6.1). Such long

response times can occur when extremes expose supply limitations after prolonged buffering or due to seasonality, or when

they stimulate supplies for a future growing season.

300

Regionally, there are notable differences in model–observation biases and a substantial spread across the regions. Some

combinations of events exhibit latitudinal patterns in these biases. For example, for cold–dry–high extremes, biases are mostly

positive in the tropics and subtropics, indicating that the model response there is slower than that shown by FLUXCOM. In

the mid-latitudes and boreal regions, on the other hand, the models tend to respond faster for this event combination. When

cold–dry events are followed by low GPP extremes, the opposite latitudinal pattern tends to appear.305

4.3 Regionally opposing patterns of vegetation productivity as a consequence of changing extreme

moisture-temperature relationships

To comprehensively differentiate the spatial response of vegetation productivity to temperature–moisture extremes, we clas-

sify the effects of these extremes into three classes according to their GPP response: (i) damaging to vegetation productivity

due to an increase (reduction) of the likelihood of low (high) GPP extremes, (ii) beneficial to vegetation productivity due to310

an increase (reduction) of the likelihood of high (low) GPP extremes, or (iii) damaging and beneficial at different lags after

the compound extreme. The latter is included only for completeness, as it occurs rarely. Fig. 5 shows the spatial patterns of

the classified effects of compound extremes on vegetation productivity for the FLUXCOM dataset across all combinations of

temperature, soil moisture, and GPP extremes. The patterns are generally similar for the model data (Fig. S14, S15).

315

Under extraordinarily wet conditions, temperature and moisture limitations materialize differently in the productivity re-

sponse. Exceptionally high temperatures stimulate productivity in the boreal and some temperate regions (Fig. 5a), whereas

low temperature extremes damage productivity in the same regions (Fig. 5f). However, under exceptionally wet conditions,

other than in arid regions, the moisture supply and latent heat transport remain sufficient to outweigh the damaging potential

of enhanced evaporation during hot extremes (Fig. 5a, h). Likewise, contrasting their influence under extremely dry condi-320

tions, low temperature extremes contribute to beneficial growth environments by attenuating evaporation in moisture-limited,

low-latitude regions (Fig. 5c, e). This shift in evaporative balance is also why vegetation is less likely to experience low GPP

extremes under cold–wet conditions in some (sub-)tropical regions (Fig. 5f).

In cold–dry extreme conditions, reduced evaporation in transition zones that outweighs the moisture shortage could explain325

beneficial effects on high GPP extremes in some subtropical and midlatitude regions (Fig. 5d). Dry conditions have adverse

effects elsewhere, both by reducing the likelihood of exceptionally high productivity and increasing the likelihood of extraor-

dinarily low productivity for short lags (Fig. 5b, e, g). Here, a lack of moisture supply dominates the response in mid- to

low-latitude regions under hot–dry conditions (Fig. 5e, g). In contrast, a shortened growing season or unfavorable growth con-
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/ high/low/ wet/dry/ hot/cold

Temperature–precipitation–GPP

Temperature–soil moisture–GPP

Figure 5. Categorization of enhanced and muted co-occurrence rates between temperature–soil moisture and GPP extremes (a-h)

and between temperature–precipitation and GPP extremes (i-p) in the FLUXCOM dataset. Panels display the categorization for the

different types of compound events from hot–wet–high (a, i) through hot–wet–low (h, p) as indicated by icons and aggregated for all time lags.

Co-occurrence rates are diagnosed as “damaging”/”beneficial” when they exceed/undercut the null model’s 95% range for low GPP extremes

and undercut/exceed the range for high GPP extremes. This categorization presumes that an increased/decreased statistical coupling between

temperature–moisture extremes and low/high GPP extremes corresponds to less favorable conditions for plant growth and carbon uptake.

Vice versa, a decreased/increased coupling with low/high GPP extremes reflects more favorable conditions for vegetation productivity. In

rare cases, co-occurrence rates both exceed and undercut the null model range at different lags. This behavior is categorized as “both at

different times.”

ditions caused by low temperatures explain the high-latitude response (Fig. 5e).330

We find consistent and sometimes mirrored patterns between regions and types of extremes (Fig. 5). This mirroring can

be found for all combinations of extremes, when contrasting hot and cold, dry and wet, and high and low GPP extremes. For

example, hot–dry extremes significantly increase the likelihood of high GPP events in the Northern Hemisphere’s high and mid

latitudes (Fig. 5b), indicating beneficial conditions for plant growth with increased warmth. At the same time, hot–dry events335

reduce the likelihood of high GPP extremes in the subtropics and tropics, where a lack of moisture supply damages vegetation

productivity. Vice versa, cold–wet events create less favorable growth conditions in mid- and high latitudes, indicated by an

increased likelihood of low GPP extremes (Fig. 5f). In low latitudes, cold–wet extremes reduce the likelihood of extremely

low plant productivity, particularly in rainforest regions, thereby having a positive effect on plant growth. Combining the two

(nearly) complementary patterns illustrates how vegetation productivity benefits from one type of temperature–moisture event,340
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but gets damaged by an opposing type of event.

Juxtaposing cold–wet–high extremes (Fig. 5c) and hot–dry–low extremes (Fig. 5g) shows that cold–wet events increase the

chance for high GPP extremes in the same regions, effectively associated with benefiting plant growth. In contrast, hot–dry

events increase the likelihood of low GPP extremes, reducing vegetation productivity, particularly in mid- and low latitudes.345

Similar patterns exist for cold–dry–low extremes (Fig. 5e) with damaging effects east in the Andes and throughout Eurasia and

North America, in contrast to the beneficial effects of hot–wet–high extremes in similar regions (Fig. 5a).

Following from the regional agreement in peak height and timing, the response patterns of vegetation productivity are similar

in the three datasets, albeit with regionally different biases and extent in the models compared to FLUXCOM (Fig. S14, S15). In

CESM2, productivity benefits are more pronounced for hot–dry–high extremes in the high latitudes compared to FLUXCOM350

(Fig. S14). CESM2 also overemphasizes damages in the mid- and low latitudes when low GPP extremes follow hot–dry and

cold–dry events, reducing the latitudinal gradient for cold–dry–low extremes. MPI-ESM responds analogously for hot–dry–

high extremes, but overestimates spatial extent and coherence compared to FLUXCOM (Fig. S15). It matches FLUXCOM

patterns in the high latitudes somewhat better than CESM2, particularly in Eastern Siberia. Similar observations hold for cold–

wet–low. Here, MPI-ESM matches FLUXCOM’s response patterns reasonably well, but again overestimates spatial extent355

and coherence. CESM2, by contrast, tends to underestimate the spatial extent of response patterns for this event combination

(Fig. S14). Notably, compared with FLUXCOM and CESM2, MPI-ESM also predicts a much stronger response in and around

the Sahara region for low GPP extremes following dry events and for high GPP extremes following wet events.

Overall, at an aggregated level, a lack of moisture is predominantly detrimental to vegetation productivity. In this case,

modulating effects of temperature extremes outweigh moisture shortages only at a few locations in the high latitudes for hot–360

dry–high extremes and in the transition zones for cold–dry–high extremes. On the other hand, high temperature extremes

mostly benefit plant growth when moisture is abundant, particularly in the high and mid-latitudes. In turn, (extreme) moisture

abundance will generally support vegetation productivity, unless temperature limits access to water in boreal zones or confines

the evaporative water budget in some subtropical and temperate climatological transition zones.

4.4 Evaporative effects and the moisture integrating time modulate the vegetation response to climatic extremes365

Almost all plants take up necessary moisture from the soil, most of which comes from rainwater. Precipitation, as an alterna-

tive indicator of moisture availability, reduces the effective integration time of the climatic compound events compared to soil

moisture. It comes with lower latent temperature control on wet/dry extreme conditions through evaporative effects, as these

affect soil moisture but not (directly) precipitation. As a result, responses to hot–wet–low, cold–dry–high, cold–dry–low, and

hot–dry–low extreme conditions qualitatively differ for precipitation across all datasets (Fig. 5).370

Patterns of advantageous and adverse conditions for vegetation productivity are often opposed for contrasting temperature–

soil moisture extreme conditions. For example, plant growth benefits from hot–wet–high extremes, but suffers from cold–dry–

low extremes (Fig.5a, e). The mirrored patterns disappear with temperature–precipitation extremes because soil moisture and
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precipitation emphasize different mechanistic aspects. With precipitation, typically only one of the complementary extreme375

conditions exhibits a coherent spatial pattern, as is the case for cold–dry–low (Fig.5m), whereas hot–wet extremes do not in-

crease the likelihood of high GPP extremes (Fig.5i).

Response maps for temperature–precipitation extremes also no longer show the globally uniform response of high and low

GPP extremes to cold–dry extremes (Fig. 5l, m). Instead, they exhibit strong dipoles. While vegetation productivity in the380

tropics benefits from cold–dry temperature–precipitation extremes, these events have damaging effects in the mid- and high

latitudes. Similarly, the almost uniform damaging effect of hot–dry conditions shifts toward a dipole pattern (Fig. 5j, o). In

this case, hot–dry temperature–precipitation events support growth conditions in the high latitudes. On the other hand, there is

barely any significant link between compound hot–wet temperature–precipitation events and high/low GPP extremes (Fig. 5i,

p), unlike for soil moisture with a substantially increased likelihood of high GPP extremes in the mid- and high latitudes385

(Fig. 5a). More subtle differences between the two moisture indicators occur for hot–dry and cold–wet events. While statistical

coupling with precipitation as an indicator is lower for hot–dry–low and higher for cold–wet–low extremes compared to soil

moisture (Fig. S13), response patterns are more extensive and coherent in space, particularly for hot–dry extremes that benefit

productivity in the high latitudes (Fig. 5j, o).

390

Despite the mirrored patterns occurring only for temperature–soil moisture extremes, significant beneficial and detrimental

patterns for vegetation productivity often concur well between temperature–soil moisture and temperature–precipitation ex-

tremes (Fig.5). It is also notable that precipitation-based CORs are substantially higher under wet than dry conditions in all

datasets, and biases between observations and simulations are reduced (Fig. S13c, d). However, global-scale model response

times tend to be biased high with precipitation, i.e., the peak heights are reached later in the models than in FLUXCOM395

(Fig. S13e, f). This bias is most pronounced for event combinations with short characteristic response times. Biases for peak

times are also larger when using precipitation and the regional spread increases for all datasets. By contrast, for peak heights

model biases are reduced when using precipitation instead of soil moisture.

In contrast to temperature-soil moisture extremes, patterns including temperature–precipitation extremes are inherently con-

sistent, i.e., the same type of temperature–precipitation extreme creates damaging (beneficial) effects through changes in both,400

low and high GPP extremes, or affects only one of the extreme types. In contrast, there are several occasions where the same

type of temperature–soil moisture extreme is both damaging by lowering (increasing) the likelihood of high (low) GPP ex-

tremes and beneficial by reducing (increasing) the likelihood of low (high) GPP at the same location.

5 Discussion

5.1 Similarity between observations and model data405

Both models appear capable of capturing essential dependencies that influence vegetation productivity a few months into the fu-

ture. Spatial aggregation impacts the degree of consistency of the statistical link between extremes in temperature–moisture and
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vegetation productivity between MPI-ESM, CESM2, and the observation-based data from FLUXCOM. Models and FLUX-

COM agree most at the global and regional scale, despite some model-specific biases (Sect. 4.2). The agreement decreases at

the grid-cell level. Aggregating localized statistical links leads to more reliable estimates from the ESMs. This highlights the410

complexity of developing and calibrating state-of-the-art ESMs that represent local climate–biosphere interactions beyond the

mean state well (Reichstein et al., 2013; Villalobos-Herrera et al., 2021).

Contrasting the qualitative agreement, there is a substantial spread in regional performance, with model-specific biases. Raw,

not bias-corrected ESM data can be considered reliable only in some regions. For example, there is a clear latitudinal gradient415

in local model performance. Both MPI-ESM and CESM2 tend to perform better in the mid-latitudes and boreal regions com-

pared to the (sub-)tropics (Fig. 3, S9). Much of this regional spread stems from both ESMs systematically overestimating the

strength and spatial coherence of the statistical coupling between climate and vegetation extremes on the local level. This partly

carries over to regional aggregations (Sect. 4.2). Spatially variable climate variability could influence the regional spread, but

is unlikely to cause substantial biases over a 36-year analysis period.420

ESMs mostly underestimate the intensity of daily precipitation extremes and underestimate the dry day frequency in com-

parison to observations (Seneviratne et al., 2021; Norris et al., 2021). It may appear counterintuitive that climate extremes

pre-condition vegetation towards productivity extremes more strongly in the ESMs than in the observational data. However,

the two phenomena are not directly linked to overestimated vegetation–climate coupling, which may well be due to deficiencies425

in the land models, particularly the soil. Biases in both models occur under extremely dry conditions. This points to oversen-

sitive evaporative feedbacks, exaggerated drainage, or too low soil water holding capacity, leading to accelerated evaporation

of soil moisture. Higher soil moisture decay rates in both ESMs compared to ERA5 support this interpretation of exagger-

ated dry-out (Figure 6). MPI-ESM shows additional biases under extremely wet conditions, which could arise from an overly

simplified representation of precipitation input to soil water pools, missing moisture routing above and below the surface, or430

misaligned soil water-holding capacity, which is compatible with other model benchmarking results (Seiler et al., 2022). The

overestimated rates of soil moisture change in MPI-ESM are not just connected to biases in the coupling between climatic and

vegetation extremes, but also translate into mean GPP biases (Fig. S16). This could indicate an influence of the biased extreme

representation on the mean state biases, given the strong influence of productivity extreme events on terrestrial carbon stocks

(Zhou et al., 2019).435

Intriguingly, the ESMs do not overestimate coupling strengths when considering temperature–precipitation rather than

temperature–soil moisture compound extremes. This could indicate that biases in the soil moisture–vegetation relationship

may be compensated by biases in precipitation–soil moisture relationships. Alternatively, temperature–precipitation extremes

could drive GPP extremes through different mechanistic links than temperature–soil moisture extremes. This interpretation440

would be supported by the differing orders of global mean peak heights and timings between extreme types when using pre-
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cipitation rather than soil moisture (Figure 3).

5.2 Potential biases of observations and models

The observation-constrained FLUXCOM data aggregates uncertainties from the upscaling process and underlying FluxNet site445

data (Jung et al., 2020). FLUXCOM also underestimates interannual GPP variability and exhibits partly unrealistic GPP growth

rates (Jung et al., 2020). Both of these shortcomings could lead to FLUXCOM biases being mistaken for model biases in our

comparison, if they alter the GPP event distribution. However, the comparison between precipitation-based and soil moisture-

based estimates indicates a mechanistic explanation for the largest part of the model–observation differences. Deficiencies in

the HTESSEL soil model used to produce ERA5 soil moisture estimates (Balsamo et al., 2015) could also enhance perceived450

ESM biases. However, HTESSEL performs well with respect to observations (Balsamo et al., 2015), and assimilation of soil

moisture observations from in-situ and satellite observations in ERA5 should further reduce soil moisture biases (Hersbach

et al., 2020). Given that the observed biases have model-specific characteristics, the mechanistic shortcomings are likely lo-

cated on the side of the ESMs.

455

Both CESM2 and MPI-ESM show substantial regional spread in the statistical relationships between hot-wet and high GPP

extremes. MPI-ESM overestimates the strength and underestimates the lag between climatic driver and vegetation response,

whereas CESM2 underestimates the strength and overestimates the lag. At the same time, both models tend to exaggerate the

spatial extent of significant coupling, particularly within (sub-)tropical regions (Fig. S6). Both suggest that GPP extremes are

significantly affected by hot–wet compound events in around half of the (sub-)tropics (Fig. S3), which is more than twice the460

area based on FLUXCOM/ERA5 (Fig. S3). The MPI-ESM land component JSBACH was tuned for a high moisture sensitivity

of vegetation in the Sahel to study the phenomenon of the African humid period in the late Pleistocene and early Holocene

(Groner et al., 2018). Sensitive, perhaps oversensitive, vegetation productivity in the (sub-)tropics is most likely also the reason

for the large regional spread observed in both ESMs for cold–dry compound events that lead to low GPP extremes and for high

GPP extremes following cold–wet events in MPI-ESM (Fig. S3, S7, S8). However, FLUXCOM tends to overestimate tropical465

mean GPP and net ecosystem exchange, partly due to weaknesses in FluxNet site data (Jung et al., 2020). Although this bias

does not necessarily affect the GPP event distribution in a way that propagates into the COR, it is crucial to better constrain

observations and models in this pivotal region for the global carbon budget.

Our analysis builds on CORs to quantify how well ESMs relate climatic and productivity extremes. The COR imposes470

no constraints on causality and latent variables. This is advantageous for our impact-oriented analysis. However, it will not

necessarily identify if a model performs well for the wrong reasons. To assess causality, rather than correlation, the COR

would need to be applied incrementally to driver and response variables. This would result in large data requirements for

intermediate state variables that are rarely available, especially on the observation side.
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Figure 6. Divergent change rates in soil moisture between ERA5 and the ESMs. Panels depict smoothed annual maximum rates of

change averaged over 1979–2014 as anomalies to ERA5 for increasing (a, b) and decreasing soil moisture (c, d).

5.3 Mechanisms475

We find that both beneficial and detrimental preconditioning effects of temperature–moisture extremes for vegetation growth

conditions manifest as coherent spatial patterns in the observation-based and model data (Fig. 5). The spatial response patterns

provide mechanistic insights into the repercussions of temperature–moisture extremes on vegetation growth around the globe.

On the one hand, it is evident that temperature–soil moisture extremes can benefit vegetation productivity through an increased

likelihood of high GPP extremes in many regions. An exception are hot–dry events where extreme climatic conditions have480

damaging effects in the tropics and subtropics. On the other hand, climatic extremes almost always increase the likelihood of

low GPP extremes, with harmful consequences for vegetation productivity. In this case, cold–wet extremes are the exception,

as they reduce the likelihood of low GPP extremes in the (sub-)tropics, thereby benefiting plant growth conditions. These op-

posing responses suggest differing mechanistic links for high compared to low GPP extremes.

485

Our results suggest that process-based links have to be contextualized on an event-type and region-specific basis. In addi-

tion, seasonality is an important factor to consider, particularly in explaining varying peak timings across events and regions

(Zscheischler et al., 2014a; Guan et al., 2015). Overall, the spatial patterns mostly reflect the dominant temperature limitation

for growth in the high latitudes and moisture limitations in the mid- and low latitudes. For example, in the context of extremely

dry but hot conditions, these limitations lead to increased likelihoods for beneficial high GPP extremes in boreal latitudes490

(Fig. 5b), either because they free up frozen water early in the growing season, or because of the growth promoting effect of
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high temperature outweighing the relatively reduced moisture (Flach et al., 2021) (Fig. 3, 5). In contrast, hot–dry events are

significantly linked to damaging effects, as they increase the likelihood of low and reduce the likelihood of high GPP extremes

in moisture-limited regions (Fig. 5b,g). If insufficient moisture supply persists, it can severely degrade growing conditions

(Green et al., 2019).495

Compounding temperature–soil moisture extremes require soil moisture to integrate sustained atmospheric drought (high

precipitation) and high (low) evaporation facilitated by high (low) temperature. At the same time, to promote extreme con-

ditions, temperatures must remain relatively high (low) for an extended period, which is less likely than shorter temperature

extremes. This is different for temperature–precipitation extremes, which only require temporal coincidence, but no build-up500

time. Soil moisture also has a prolonged memory, potentially causing legacy effects, although these are typically under-resolved

in ESMs (Kolus et al., 2019; Anderegg et al., 2015). In contrast, atmospheric dynamics that drive precipitation extremes ex-

hibit low temporal autocorrelation. These differences may partly explain why we observe more extensive and coherent spatial

patterns with precipitation. Additionally, precipitation as an indicator of atmospheric drought and soil moisture content as a

measure of soil drought partly represent different mechanisms of how plants experience drought (Harris et al., 2022; Wu et al.,505

2022), which could contribute to the different spatial patterns.

It would be worthwhile to expand our approach to additional moisture indicators and latent variables in the future, such as

vapor pressure deficit or soil conditions. Our first-order approach can only implicitly account for the potential of compound

extremes to cause persistent physical damage to vegetation from floods, fires, or other natural disturbances (Jain et al., 2022). In510

addition, changes in anthropogenic land use and land management practices, such as irrigation, can significantly alter physical

surface properties and the moisture budget, affecting the likelihood of extremes (Findell et al., 2017). Future work could

therefore also explore how both natural and anthropogenic disturbances shape the preconditioning of GPP extremes under

climate change.

6 Conclusions515

The interplay between temperature–moisture extremes and vegetation productivity will co-determine resilience and vulnera-

bility of the land carbon sink and terrestrial ecosystems to future climate change. ESMs are essential tools for projecting this

link between climatic and biosphere extremes and the resulting impacts on carbon stocks. While research efforts often focus

either on extreme drivers, impacts, or on specific event types, we comprehensively benchmarked the statistical link between

temperature–moisture and GPP extremes across all event combinations in two state-of-the-art ESMs against an observation-520

constrained dataset. We introduced a generalizable metric that can be translated to more complex networks of extreme event

interactions. Expanding our analysis to comprehensive model-data and inter-model comparisons in the context of CMIP6 and

CMIP7 would add confidence in the generalizability of our results.
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While there is substantial regional variation in models and data, with spurious deviations in the lag between climatic drivers525

and GPP responses, there is reasonable agreement on the strength of the statistical relationship for regionally and especially

globally aggregated results. We found that MPI-ESM and CESM2 locally overestimate the association between temperature–

moisture and GPP extremes. We hypothesize that this discrepancy arises due to overestimated rates of change in soil moisture

in the ESMs. This may perhaps be due to unrealistic evaporative feedbacks, exaggerated drainage, or inadequate effective

water-holding capacity in the model soils. Assessments of legacy- and state-dependencies of this statistical coupling under530

climate change can build on general agreement found regionally and globally and the quantified local biases. However, as GPP

integrates short-lived disturbances, biases in the statistical link can propagate into the annual mean GPP, as appears to be the

case for MPI-ESM. The link between climatic and GPP extremes could potentially be exploited further as a proxy to test mean

GPP biases beyond the immediate effects of atmospheric extremes.

535

Model and observation-based data indicated both adverse and advantageous effects of temperature–moisture extremes on

vegetation productivity in different regions. There is justified and wide interest in extreme events that damage vegetation and

ecosystems. However, as our results showed, beneficial impacts on vegetation can occur across all latitudes and cover a similar

share of land as detrimental effects. This situation could change, either due to shifts in the frequency of different types of

climate extremes or changes in the link between climate extremes and GPP extremes. Whether the beneficial impacts will540

persist under future climate change or evolve asymmetrically to an increasing likelihood of GPP decline should be further

quantified and could be highly relevant for the strongly variable and interconnected net land carbon uptake.
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