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Abstract. Tropical forests play a crucial role in the global carbon and water cycles, yet their response to the climate extremes

remains uncertain. Here, an individual-based demographic vegetation model is used to investigate the effects of warming and

drought on ecosystem dynamics across three neotropical sites that span a precipitation gradient. By explicitly resolving plant

hydraulic constraints and demographic processes, the study provides a mechanistic understanding of forest responses to climate

stressors. The results reveal that warming had the strongest impact on carbon assimilation in the wettest sites (Paracou and Barro5

Colorado Island). This reduction was primarily driven by a rising vapor pressure deficit, which induced hydraulic failure even

in the absence of soil moisture depletion. In contrast, the driest site (Tapajos National Forest) exhibited the highest sensitivity

to drought, driven by severe soil moisture depletion. The analysis also shows that the timescale of imposed stress matters:

short daily hot-dry events led to weaker impacts due to partial recovery between pulses, whereas yearly-scale warming and

drought produced much stronger, persistent reductions in productivity. These findings highlight the site-specific vulnerabilities10

of tropical forests to climate extremes, where VPD-induced hydraulic stress limits carbon assimilation under warming in moist

sites, while soil moisture constraints dominate in drier ecosystems.
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1 Introduction

Tropical forests play a fundamental role in the global carbon and water cycles, storing approximately 55% of global forest

above-ground carbon and contributing up to 35% of the terrestrial carbon sink (Pan et al., 2024; Malhi, 2010; Ciais et al.,15

2014). These ecosystems regulate regional and global climate by modulating atmospheric CO2, driving evapotranspiration,

and influencing precipitation patterns, thus serving as critical buffers against climate variability and as essential players in

mitigating additional atmospheric accumulation of CO2 (Bonan, 2008). However, despite their importance, significant un-

certainties remain regarding how tropical forests respond to changes in climate, particularly altered precipitation regimes,

increased temperatures, and intensifying drought events (Feng et al., 2018; Sullivan et al., 2024; Janssen et al., 2020). Recent20

research highlights that forest productivity trends vary across ecosystems, as regional climatic fluctuations, including drought

severity and temperature extremes, can lead to contrasting responses, with some forests demonstrating resilience while others

experience substantial declines in productivity and carbon sequestration (Hubau et al., 2020; Hogan et al., 2024; Flack-Prain

et al., 2019; Von Buttlar et al., 2018).

Future climate projections indicate significant changes in tropical precipitation patterns, with some regions such as Central25

America and the Amazon expected to experience severe declines, while others remain uncertain (Seneviratne et al., 2021;

Parsons, 2020). CMIP6 models project increases in both drought frequency and duration, potentially driving widespread shifts

in forest structure and function (Cook et al., 2020; Ukkola et al., 2020). Although these models provide valuable insights into

large-scale climate trends, they often lack the ecological resolution needed to predict how forests respond at the demographic

level. As rainfall variability intensifies, traditionally wet forests may experience moisture stress, whereas drier forests may30

endure prolonged droughts. Such conditions impose physiological stress, disrupt carbon balance, and increase mortality rates

(Hilker et al., 2014; Xu et al., 2024). These changes may reshape species composition, alter carbon cycling, and compromise

the long-term resilience of tropical ecosystems (Brienen et al., 2015; Lin et al., 2025), yet the extent to which warming and

drought differentially impact forest function remains unresolved (Bottino et al., 2024).

Two fundamental challenges remain in predicting how tropical forests will respond to future hydroclimatic change. First,35

water stress arises from the combined effects of reduced rainfall, which limits water supply, and increased vapor pressure

deficit (VPD), which intensifies atmospheric water demand. Second, drought and warming intensification occur across multi-

ple time scales—including daily and seasonal anomalies, annual deficits, and multi-year oscillations, each imposing distinct

physiological and demographic pressures on forest ecosystems (Jiménez-Muñoz et al., 2016; Flach et al., 2021; Tschumi et al.,

2022). Consequently, this study aims to answer the following questions: (i) How are tropical forest carbon fluxes and hydraulic40

stress altered when changes in water supply (rainfall) and atmospheric water demand (VPD) are imposed independently or

jointly? (ii) How are forest productivity and long-term resilience influenced by the time scale at which drought and warming

intensification occurs (daily, seasonal, annual, and ENSO-like cycles)?

Field experiments have provided critical insights into tropical forest responses to drought. For example, the drought experi-

ment conducted by Rowland et al. (2015) in the Amazon demonstrated that hydraulic failure, rather than carbon starvation, is45

the primary driver of mortality during severe drought. However, such experiments are constrained in spatial scale and duration
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and cannot systematically explore the diversity of drought and warming scenarios anticipated under future climate change.

Moreover, it is practically unfeasible to replicate multi-year climate variability such as ENSO in controlled field experiments,

and field manipulations are rarely long enough to capture slow ecological processes such as species turnover or shifts in com-

munity composition. For these reasons, modeling approaches have become essential tools for investigating how tropical forests50

may respond under a broad range of future climate extremes.

Vegetation Demography Models (VDMs) provide crucial capabilities to simulate forest structure, vegetation dynamics, and

competitive interactions under changing environmental conditions (Fisher et al., 2018; Koven et al., 2020; Martínez Cano

et al., 2020; Weng et al., 2022; Shevliakova et al., 2024; Maréchaux et al., 2025; Schmitt et al., 2025). These models share

core features, including explicit size-structured demography and height-structured light competition among cohorts, enabling55

controlled climatic perturbations and mechanistic exploration of ecosystem responses. This allows the investigation of scenarios

that cannot be tested experimentally, such as intensified drought regimes, modified rainfall periodicity, or idealized ENSO

events.

Despite advances in modeling, a process-based understanding of how tropical forests structurally and functionally adapt to

climate extremes remains incomplete. For instance, Robbins et al. (2024) used a hydrodynamic vegetation model to predict that60

future climate conditions could double the likelihood of xylem embolism and mortality, while Koch and Kaplan (2022) evalu-

ated tropical forest carbon sequestration potential under climate change. Although these studies provide valuable insights into

plant hydraulics and ecosystem carbon dynamics, many existing models rely on empirical or phenomenological relationships

and do not fully account for how size-structured competition, resource allocation strategies, and ecosystem fluxes evolve under

warming and drought. Shifts in tropical forest functional composition under increasing drought and CO2 levels have been at-65

tributed to trade-offs in plant hydraulic traits (Bauman et al., 2022; Rowland et al., 2015), emphasizing the need for models that

explicitly resolve physiological dynamics. In particular, interactions between warming and drought remain poorly understood,

as their effects on ecosystem fluxes, water-use strategies, and competitive dynamics are nonlinear and site-dependent.

To address these knowledge gaps, the Biome Ecological Strategy Simulator (BiomeE) (Weng et al., 2019, 2022) is used

in this study. BiomeE simulates forest structure through coupled mechanistic processes of plant hydraulics, carbon allocation,70

and competition dynamics, and allows independent manipulation of rainfall, temperature, and VPD across multiple time scales.

This modeling framework enables the exploration of complex climate extremes that cannot be imposed in field experiments.

Given the critical role of plant hydraulics and stomatal function in mediating responses to water stress (Detto and Pacala, 2022),

the integration of mechanistic modeling with site-specific climate scenarios provides a process-based assessment of tropical

forest resilience and vulnerability under interacting warming and drought.75

2 Materials and Methods

2.1 Demographic vegetation model

BiomeE is a process-based demographic vegetation model developed to simulate complex ecological dynamics within plant

communities (Weng et al., 2019). It builds on the Geophysical Fluid Dynamics Laboratory’s LM3-PPA model (Weng et al.,
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2015), sharing core features such as the representation of plant physiology, vegetation demography, resource competition,80

and the coupled cycles of carbon, nitrogen, and water in ecosystems (Weng et al., 2022). BiomeE incorporates a competitive,

game-theoretic framework to model vegetation dynamics through optimal allocation strategies. This approach enables BiomeE

to simulate competitive interactions for light, water, and nutrients under varying environmental conditions. Similar to other

demographic vegetation models, it integrates individual-level physiological processes with community-level dynamics and ac-

counts for trait diversity, hydraulic functioning, and resource allocation strategies, providing insights into how these factors85

shape vegetation structure and ecosystem function. A schematic diagram illustrating the model’s vegetation, biogeochemical,

and hydraulic processes is shown in Figure 1. In BiomeE, individual plants are the fundamental units of ecological interactions,

undergoing physiological processes such as photosynthesis, respiration, growth, reproduction, and mortality. The model repre-

sents competitive interactions among plants for essential resources like light and soil nutrients (Farrior et al., 2013; Dybzinski

et al., 2011).90

Water availability is an important control on plant performance and ecosystem structure. BiomeE integrates a mechanistic

plant hydraulic framework based on Xu et al. (2016), which governs water transport from the soil through the plant to the atmo-

sphere. This model accounts for key hydraulic traits such as xylem conductivity, turgor loss point, and cavitation vulnerability,

influencing stomatal conductance, photosynthesis, and plant water status under different environmental conditions. The plant

hydraulic model simulates the soil-plant-atmosphere continuum, tracking water flow from the soil through the root system,95

stem, and leaves, ultimately to the atmosphere.

Soil moisture is represented by a simple bucket model, in which a single root-zone water store is forced by precipitation,

evapotranspiration, and drainage; the resulting soil water content and potential provide the lower boundary condition for the

hydraulic model. The plant hydraulic model incorporates key processes such as water uptake, sap flow, cavitation effects,

and recovery, capturing both the diurnal and seasonal dynamics of plant water status. By linking hydraulic function with100

photosynthetic capacity, the model provides a robust representation of plant responses to water stress and their impact on

growth, carbon assimilation, and community dynamics.

Plants are grouped into cohorts and arranged into vertical canopy layers based on height and crown area, following the

perfect plasticity approximation model (Strigul et al., 2008). Sunlight distribution among these layers is determined using

Beer-Lambert’s law, providing a simplified yet effective representation of light attenuation through the canopy. This approach105

allows for the simulation of light competition, particularly under varying canopy structures. Such effects could influence the

sensitivity of modeled responses to drought stress, although the detailed hydraulic model integrated into BiomeE helps to

mitigate these limitations by providing robust water dynamics representation.

The model captures vegetation structural dynamics, reflecting changes in cohort size distribution, density, and canopy struc-

ture over time. As plants grow, reproduce, and die, the overall canopy architecture and resource distribution evolve. BiomeE110

also integrates biogeochemical processes driven by both plants and soil microbes, ensuring a robust simulation of carbon

and nitrogen flows between plant and soil pools, influenced by plant mortality and microbial decomposition. Cohorts, which

are the primary units for physiological and demographic processes, undergo various changes in size and density due to the

model’s demographic processes. BiomeE simulates competition for light, soil resources, and water, community assembly, and
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vegetation structural dynamics through detailed cohort size and crown structure representation. These processes are organized115

hierarchically and operate at different time intervals: hourly for plant physiology, soil organic matter decomposition, and water

dynamics; daily for growth and phenology; and annually for demography.

The environmental conditions at each site were used to initialize and run BiomeE. The model was run until equilibrium

was reached, defined as a state where interannual variations in carbon and water fluxes, such as gross primary production

and transpiration, and forest structure, such as leaf area index, fluctuated around a stable long-term mean with no consistent120

change over time. The spin-up period, during which the model adjusts to the meteorological boundary conditions, varied for

each site depending on the specific meteorological data and model parameters. This period is crucial for ensuring that the

model accurately reflects the long-term dynamics of the ecosystem. Once equilibrium was achieved, the model parameters

were systematically altered to simulate various climate scenarios, including increased temperature, reduced precipitation, and

combined warming and drought events. These modifications were designed to reflect potential future climate conditions and125

their impact on tropical forests.

For this study, BiomeE was configured with a single plant functional type (PFT), representing an evergreen broadleaf trop-

ical tree, initialized from the model’s default tropical PFT parameterization Weng et al. (2022) and refined using site-specific

trait data from (Longo et al., 2018). Several core traits were held constant to maintain consistency, including its woody life-

form, evergreen habit, C3 photosynthetic pathway, and a mortality rate characteristic of a long-lived strategy within tropical130

ecosystems. In addition, the same hydraulic parameters were used across all sites to maintain same representation of plant

water transport (Xu et al., 2016). To represent local differences in physiological and structural parameters, five parameters, the

density of the wood, the root-to-leaf area ratio, the maximum leaf area index, the mortality rate and the leaf area per mass,

were tuned to match observational data. These variations enable the model to represent a range of plausible plant responses

while preserving a consistent functional identity. By integrating these mechanistic representations, BiomeE captures key eco-135

logical processes such as carbon allocation, competition for resources, and physiological constraints under climate extremes.

The use of a single PFT reduces model complexity while preserving critical ecological dynamics in tropical forests. However,

it is acknowledged that incorporating multiple PFTs could provide a more nuanced representation of species diversity and

competitive interactions.

2.2 Study Areas and Meteorological Data140

To account for the variability of baseline climate conditions, three tropical forest sites spanning a precipitation gradient were se-

lected. These sites have comprehensive datasets that describe the forest structure, long-term climate conditions, and ecosystem

functional properties, as described below.

Barro Colorado Island (BCI) is a 1,560-hectare island located in Gatun Lake, Panama, covered by evergreen broadleaf

tropical moist forest. The mean annual temperature is 26oC, with a 4- to 5-month dry season (mid-December to April). Annual145

precipitation averages 2612 mm (Windsor, 1990), and relative humidity remains high (80–90%). The BCI climate dataset

spans from 01 January 1972 to 31 December 2021 and combines long-term records of rainfall and temperature with additional

meteorological variables (e.g., radiation, humidity) required to drive BiomeE. The PFT used in BiomeE at this site has a high
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Figure 1. Schematic representation of BiomeE, illustrating the key vegetation, biogeochemical, and hydraulic processes simulated by the

model. (A) Vegetation structure and dynamics, where plant cohorts compete for light, water, and nutrients, driving demographic processes

such as growth, reproduction, and mortality. Tree canopies are arranged into vertical layers based on height and crown area, following

the perfect plasticity approximation (PPA) framework. (B) Biogeochemical structure, depicting carbon, nitrogen, and water pools and their

respective fluxes. Green arrows represent carbon fluxes, brown arrows indicate nitrogen fluxes, and blue arrows show water fluxes, including

transpiration, soil water movement, and plant hydraulic processes.

wood density (436 kg/m3), a root-to-leaf area ratio of 2.0, and a maximum LAI of 4.5, reflecting a resource-conservative

strategy with enhanced drought tolerance. The low mortality rate (0.02 year−1) and relatively high LMA (0.072) suggest a150

long-lived strategy with moderate growth rates.

The GuyaFlux (GYF) tower is located at the Paracou Field Station in French Guiana, within a 400-hectare area of tropical wet

forest (Bonal et al., 2008). The mean annual temperature is 26oC, and annual precipitation averages 3050 mm. A 3- to 4-month

dry period (August to November) occurs annually, though humidity remains consistently high (80–90%). The GYF climate

dataset spans from 01 January 1991 to 31 December 2020, providing meteorological records of temperature and precipitation.155

The PFT at this site has a wood density of 350 kg/m3, a root-to-leaf area ratio of 1.2, and a maximum LAI of 3.5, representing

a moderate balance between growth and survival strategies. The low mortality rate (0.0113 year−1) and LMA of 0.072 support

a long-lived, resource-efficient strategy with stable carbon allocation.

The Tapajos National Forest (TNF) is a protected evergreen forest in the Brazilian Amazon, characterized by a closed

canopy with an average tree height of 40 meters (Rice et al., 2004). The mean annual temperature is 26oC, with a 5-month dry160

season (mid-July to mid-December). Annual precipitation averages 1900 mm, and humidity remains high (80–90%) (Da Rocha
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et al., 2009). The TNF climate dataset spans from 01 January 1972 to 31 December 2021, providing meteorological records

of temperature and precipitation. The PFT here has a lower wood density (300 kg/m3), a root-to-leaf area ratio of 1.2, and

a maximum LAI of 3.5, reflecting a more growth-oriented strategy compared to the other sites. The higher leaf nitrogen

content (1.5E−3 kgN/m2) supports greater photosynthetic capacity, while the low mortality rate (0.02 year−1) ensures long-165

term persistence.

BiomeE was used to simulate annual Gross Primary Productivity (GPP) at each site (Supplementary Figure A1). The simu-

lations were compared with available eddy covariance observations to assess whether the model reproduces basic productivity

patterns under ambient conditions. While BiomeE captures site-specific differences in average GPP, it does not reproduce the

full interannual variability observed at BCI, likely reflecting the absence of parameter calibration. This comparison therefore170

serves as a qualitative consistency check rather than a formal validation, since the study’s goal is to examine the relative ecosys-

tem responses to imposed climate stressors. Annual mean temperature and total precipitation were computed from the forcing

data for each site and plotted as yearly time series (Supplementary Figure A2) to illustrate environmental differences relevant

to forest functioning.

2.3 Simulated Climate Stressors175

Following the collection of observational data from the tropical forest sites, several scenarios projecting climate extremes were

applied to the data to inform the model’s future predictions. These scenarios were designed to reflect plausible future climate

conditions, based on observed patterns of drought and heatwave events in tropical regions and supported by projections from

climate models and reports, such as the IPCC Sixth Assessment Report (Seneviratne et al., 2021). Similar patterns of increased

drought frequency and intensity, as well as more frequent and severe heatwaves, have been documented in projections from180

CMIP6 models (Cook et al., 2020) and supported by studies highlighting the trend and spatial spread of climate extremes under

warming scenarios (Adeyeri et al., 2022).

These projections consistently indicate that tropical regions will experience heightened climate extremes in the form of pro-

longed droughts and intense heatwaves as global temperatures rise. Specifically, drought conditions (changes in precipitation)

and increased warming (changes in air temperature) were incorporated by modifying the respective datasets. This approach185

enables an assessment of how varying levels of climate extremes might impact tropical forest ecosystems over time, consistent

with the types of changes projected under future climate scenarios.

To examine the influence of drought and warming extremes on ecosystem responses, modifications were applied to precip-

itation and temperature datasets at multiple temporal scales. Drought conditions were simulated by modeling the inter-arrival

of dry spells as a Poisson process, and then increasing how long they last at the daily, seasonal, and interannual levels. Here, a190

dry spell refers to consecutive days (or years) with little rainfall, as discussed next. The durations of dry periods were systemat-

ically extended while maintaining the total number of dry and wet events. Rainfall was then reconstructed using characteristic

dry-season patterns derived from observational data, allowing sub-daily and seasonal variability to be preserved. Warming

scenarios were generated by applying a Fourier-based spectral transformation to the temperature time series, in which am-

plitudes were adjusted at selected frequencies to represent variability at daily (e.g., extreme heat events), annual (seasonal195
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extremes), and multi-year (e.g., ENSO-scale) timescales. In addition to frequency-specific changes, the mean temperature was

also modified to simulate uniform warming across the entire time series.

These perturbations enabled the creation of physically consistent climate forcing scenarios while retaining the other sta-

tistical properties of the original time series. Further methodological details are provided in the following subsections. Other

meteorological variables, such as relative humidity and solar radiation, were kept constant to isolate the impacts of drought and200

warming, though it is acknowledged that changes in precipitation can influence light availability, relative humidity, and tem-

perature. These modified datasets were used as model forcing for post-equilibrium simulations to assess long-term impacts on

forest structure, carbon and water fluxes, and ecosystem resilience. An example of precipitation and temperature modifications

used in the drought and warming scenarios is provided in Table C1.

2.3.1 Drought Scenarios205

Three dry spell extension scenarios were developed to simulate potential future drought conditions at daily, seasonal, and yearly

timescales. Each timescale was chosen to capture drought impacts operating over different durations and processes:

(i) Daily Dry Spell Extension: Short-term drought events were simulated by lengthening dry spells at the daily scale through

geometric resampling of dry spell durations. This approach captures intermittent dry periods that can cause rapid plant

water stress and hydraulic dysfunction.210

(ii) Seasonal Dry Spell Extension: Large-scale droughts were modeled by increasing the duration of consecutive dry months

based on monthly rainfall thresholds. This timescale represents prolonged dry periods that influence ecosystem water

availability and phenology over seasonal cycles.

(iii) Yearly Dry Spell Extension: Longer-term drought variability, such as ENSO-driven dry years, was represented by ex-

tending dry years defined below a percentile rainfall threshold. Rainfall during added dry years was reconstructed to215

preserve seasonal and sub-seasonal variability by retaining each year’s original monthly and daily fractions and applying

an hourly template characteristic of dry years.

2.3.2 Air Temperature Scenarios

Four simplified warming scenarios were implemented to capture a range of potential thermal stresses under future climate

change:220

(i) Daily Temperature Variability Increase amplified high-frequency temperature variability by enhancing daily and hourly

fluctuations, simulating short-term heat extremes that can affect plant physiological responses such as stomatal behavior

or photosynthesis efficiency.

(ii) Seasonal Temperature Amplification increased temperature amplitude during the hottest season, representing seasonal-

scale heat stress often linked to changes in phenology or evapotranspiration dynamics.225
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Figure 2. Impact of drought experiments on the three studied sites under current temperature conditions. Results are shown for Barro

Colorado Island (BCI) in blue, Paracou (GYF) in gray, and Tapajos National Forest (TNF) in black. Daily extensions are shown in circles

and yearly extensions are shown in triangles. Results are means across replicate simulations and over the perturbation window (30 years

for BCI; 50 years for GYF and TNF) with error bars showing the standard error. (a) Average gross primary production (GPP; unitless,

normalized by each site’s current scenario) as a function of total rainfall (unitless, normalized by current scenario). (b) Average water use

efficiency (WUE; gC kgH2O−1) as a function of average soil water content (SWC; mm H2O). (c) Average net primary production (NPP;

kgC m−2 yr−1) as a function of average transpiration (kgH2O m−2 yr−1).

(iii) Multi-year Temperature Oscillation Increase enhanced low-frequency variability over multi-year timescales (3–7 years),

capturing temperature oscillations analogous to ENSO-like patterns and their influence on long-term ecosystem func-

tioning.

(iv) Mean Temperature Offset Increase introduced a uniform warming across the entire time series, representing long-term

shifts in baseline climate.230

While future warming means higher temperatures during both day and night, the variability scenarios (i–iii) were simply

meant as controlled extensions of temperature variability to test how the ecosystem responds across timescales. Future work

will look into adding an overall warming trend together with this extended variability. These scenarios allow the decoupled

assessment of different warming frequencies and their potential ecological impacts in tropical forests. These scenarios allow

assessment of drought impacts across temporal scales relevant to plant physiology, ecosystem dynamics, and climate variability.235

Detailed methodology and algorithmic implementation for each scenario are provided in Supporting Information B and C.

Illustrative examples of the precipitation modifications summarized in Table C1 are shown in Supplementary Figure C1, which

demonstrates how daily, seasonal, and yearly dry-spell extensions alter rainfall distributions at BCI. Supplementary Figure C2

illustrates the warming scenarios summarized in Table C1, showing how amplifying different spectral components or applying

a mean offset modifies temperature variability across daily, seasonal, and interannual timescales.240
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3 Results

3.1 Drought impacts across sites and scenarios

In Figure 2, drought responses are plotted against multiple water-stress metrics (rainfall, soil water content, and transpiration)

to distinguish changes in external water supply from shifts in internal hydraulic transport. Across all sites, GPP remained

stable under relatively high precipitation and declined rapidly once rainfall fell below a site-specific threshold (Figure 2a). The245

location of this threshold differed markedly between BCI and the other two forests. At TNF and GYF, GPP began to decline

when rainfall dropped to roughly 80% of ambient conditions. In contrast, BCI maintained high GPP until precipitation was

reduced by nearly 60% (rainfall ≈ 0.4), indicating substantially greater drought tolerance.

Figure 2(b) shows that these GPP patterns correspond to distinct water-use strategies across sites. At BCI, average WUE

was consistently higher than at GYF and TNF and remained stable until water supply became strongly limiting, reflecting250

tight stomatal regulation. In contrast, TNF exhibited increasing WUE as rainfall declined, GPP was maintained longer than

transpiration, suggesting a more anisohydric strategy that keeps stomata open under increasing water stress. GYF showed a

mixed response: WUE remained relatively flat under non–water-limited conditions (especially in the yearly drought scenarios,

triangles), but under daily drought (circles) it followed the TNF-like pattern, with transpiration decreasing faster than GPP and

thus rising WUE.255

Transpiration–NPP relationships further illustrate these site differences (Figure 2c). BCI consistently maintained lower tran-

spiration and lower NPP than the other sites and showed the steepest decline in NPP per unit decrease in transpiration (slope

= 0.00198, R2 = 0.997) , consistent with its decreasing WUE at low water supply. GYF and TNF showed shallower slopes

(0.00138 and 0.00158, with R2 = 0.987 and R2 = 0.982, respectively), but the linear fit obscures a sharp downturn in TNF’s re-

sults once transpiration drops below ∼ 1000 kg,H2O,m−2,yr−1. This nonlinear collapse is consistent with the abrupt decline260

in GPP at low rainfall in Figure 2(a), indicating near-shutdown of ecosystem carbon uptake.

3.2 Warming effects across sites and scenarios

Figure 3(a) shows that all sites experience an initial decline in GPP under warming, but the magnitude and threshold of decline

differ across sites. GYF exhibits the earliest decline, with GPP dropping rapidly at approximately a 15% increase in temperature

(about 4◦C), eventually reaching a 90% reduction from ambient conditions. At BCI, the corresponding decline begins near a265

16–17% increase in temperature, and no ecosystem collapse is observed within the tested range. TNF maintains relatively

higher GPP values over the same range and shows a nearly linear decline with increasing warming. These site differences are

more apparent in Figure 3(b), where GYF shows an 80% reduction in GPP earlier than the other sites, while BCI remains near

ambient for most of the warming range.

Figure 3(c) shows that TNF experiences a sharp decline in GPP near a fourfold increase in temperature range. In contrast,270

GYF undergoes a more gradual decline over the same range. BCI shows a threshold near a sixfold increase in temperature

range, after which GPP decreases more rapidly. Figures 3(d)–(f) indicate that warming events applied at longer periods (multi-
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Figure 3. Impact of warming experiments on the three studied sites. Results are shown for BCI in blue, GYF in gray, and TNF in black.

Squares denote the ambient case, the reference point at (1,1) in each panel. Each point is the yearly average over the perturbation window

(30 years for BCI; 50 years for GYF and TNF) and normalized to that site’s ambient case. Panels show normalized GPP as a function of

(a) mean temperature (right triangle), (b) mean diurnal temperature range (circles), (c) mean annual temperature range (triangles), (d) mean

3-year temperature range (stars), (e) mean 5-year temperature range(left triangle), and (f) mean 7-year temperature range (diamonds).
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year) produce similar GPP decline rates across sites, with thresholds occurring near a fourfold increase in temperature range.

An exception is GYF under the 7-year period (Figure 3(f)), where GPP declines earlier, around a 3.5-fold increase.

Figure 4 shows the effects of warming-event frequency on transpiration. At BCI (top panel), uniform hourly warming275

produces the largest reduction in transpiration. An increase in transpiration occurs at lower warming levels before a sharp

decline. Daily warming (circles) results in a more gradual reduction in transpiration compared to longer-period warming

events, which show an earlier decrease near a 110% increase in VPD relative to ambient. At GYF (middle panel), responses

differ by timescale: seasonal warming (triangles) produces the slowest decline in transpiration, followed by the 3-year (stars),

5-year (left triangles), and 7-year (diamonds) warming periods. TNF (bottom panel) shows comparatively smaller differences280

across warming frequencies, with the uniform temperature increase (right triangles) maintaining higher transpiration over a

broader range, consistent with Figure 3(a).

3.3 Cumulative effects of warming and drought

Figure 5 shows the effects of combined drought and warming events applied at the yearly timescale. In these simulations,

warming was imposed at the 5-year period and drought at the yearly period (Sections 2.3.1 and 2.3.2). The left panels show285

that normalized GPP decreases more with increasing VPD with lower sensitivity to rainfall, except for TNF that shows the

sharpest decline with rainfall. At GYF, the main decline occurs when maximum VPD exceeds about 1.6 of its ambient value,

whereas rainfall alone produces weaker reductions. BCI shows smaller GPP reductions across the tested ranges.

The right panels of Figure 5 show the temporal evolution of GPP for three representative combinations of rainfall and VPD

(indicated by the corresponding markers). At TNF, the two more extreme combinations lead to a rapid GPP decrease within290

one or two perturbation cycles, whereas the mildest case maintains GPP near ambient levels. At GYF, GPP decreases most

strongly under the highest-VPD scenario, while the two milder cases remain close to ambient. At BCI, GPP remains relatively

stable across all selected combinations.

Figure 6 shows the results for the combined drought and warming experiments at the daily timescale. Here, both warming

and drought were imposed daily by increasing maximum daytime temperature and extending the number of dry days per year295

(Sections 2.3.2 and 2.3.1). The left panels show normalized GPP as a function of normalized VPD and rainfall. All three

sites exhibit decreasing GPP with increasing VPD and decreasing rainfall, although BCI shows a slight increase under low-to-

moderate VPD increases. At TNF, mean annual rainfall is substantially reduced relative to ambient, yet GPP remains above

collapse thresholds except in the most extreme VPD–rainfall combination.

At GYF, normalized GPP decreases once VPD exceeds roughly 1.5 of current conditions, with rainfall deficits contributing300

additional reductions compared to the yearly-scale results. BCI shows modest GPP reductions, remaining within about 10% of

ambient even under the highest VPD and lowest rainfall conditions. The right panels of Figure 6 present the cycle-averaged

GPP time series for the selected combinations of VPD and rainfall. At TNF, only the most extreme stress combination shows a

sustained decline in GPP, while the other two combinations produce reduced but stable productivity. At GYF, both the moderate

and extreme VPD cases lead to lower GPP relative to ambient. At BCI, GPP remains close to ambient under mild increases in305

VPD and decreases modestly under stronger stress.
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Figure 4. Yearly-averaged normalized transpiration, computed over the perturbation window (30 years for BCI; 50 years for GYF and TNF),

as a function of relative increase of the maximum vapor pressure deficit to ambient conditions for the different warming scenarios at the three

sites. Results are shown for BCI in blue in the top panel, GYF in gray in the middle panel, and TNF in black in the bottom panel. Squares

denote the ambient case (the reference point at (1,1) in each panel), right triangles denote an increase in overall temperature (increase in

the zeroth frequency in the Fourier domain), circles denote an increase in daily variability (1-day period), triangles denote an increase in

seasonal variability (1-year period), stars denote an increase in yearly variability at the 3-year period, left triangles denote an increase in

yearly variability at the 5-year period, and diamonds denote an increase in yearly variability at the 7-year period.
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Figure 5. Results for the combined drought and warming (5-year period) experiments at the yearly scale. Left panels show the normalized

gross primary production (GPP), averaged over the first perturbation cycle, as a function of normalized maximum vapor pressure deficit

(VPD) and normalized rainfall, all relative to each site’s current conditions. Symbols (star, circle, and square) mark the locations of three rep-

resentative climate scenarios in VPD-rainfall space (A, B, and C). Right panels show the corresponding cycle-averaged GPP (kgC m−2 yr−1)

as a function of cycle number for the same three scenarios, using the same marker shapes as in the left panels to link forcing conditions to

ecosystem responses. Results are averaged over the perturbation window (30 years for BCI; 50 years for GYF and TNF). The dashed vertical

line marks the onset of the perturbation window separating the spin-up from the stressed period.
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Figure 6. Results for the combined drought and warming experiments at the daily scale. Left panels show the normalized gross primary

production (GPP), averaged over the first perturbation cycle, as a function of normalized maximum vapor pressure deficit (VPD) and normal-

ized rainfall, all relative to each site’s current conditions. Symbols (star, circle, and square) mark the locations of three representative climate

scenarios in VPD-rainfall space (A, B, and C). Right panels show the corresponding cycle-averaged GPP (kgC m−2 yr−1) as a function

of cycle number for the same three scenarios, using the same marker shapes as in the left panels to link forcing conditions to ecosystem

responses. Results are averaged over the perturbation window (30 years for BCI; 50 years for GYF and TNF). The dashed vertical line marks

the onset of the perturbation window separating the spin-up from the stressed period.
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4 Discussion

4.1 Soil Moisture Limitation and Forest Stability

Tropical forests play a crucial role in the global carbon and water cycles, yet their response to climate extremes remains

uncertain. This study evaluates how three contrasting tropical sites, Barro Colorado Island (BCI), Paracou (GYF), and Tapajos310

National Forest (TNF), respond to altered drought intensity, drought frequency, and warming, with the aim of identifying the

mechanisms governing ecosystem stability.

BCI showed strong resilience, maintaining productivity even under a 50% year-round reduction in precipitation. This agrees

with previous studies demonstrating that wet tropical forests can sustain GPP despite multi-year rainfall deficits (Nepstad

et al., 2002; da Costa et al., 2010). TNF, with the driest baseline climate, exhibited larger GPP reductions under severe drought,315

consistent with the expectation that water-limited forests are more vulnerable (Longo et al., 2018). However, the scenarios

explored here pushed all three sites further than past experiments, allowing threshold behavior to emerge in wetter forests such

as GYF.

Across sites, drought impacts emerged only once rainfall fell below specific thresholds, confirming that cumulative water

supply determines when ecosystems begin to decline. TNF and GYF showed similar relative sensitivities: GPP began declining320

when rainfall dropped by about 20% from ambient conditions. However, because GYF receives much higher baseline rainfall,

this same fractional reduction corresponds to a substantially higher absolute rainfall level. Consequently, GYF’s GPP begins

collapsing at higher absolute rainfall than TNF, indicating that GYF requires more absolute water to sustain productivity. Yet

despite this higher sensitivity, only TNF reached full ecosystem collapse under the strongest drought sequences, because its

initial soil water reservoir is far smaller. GYF, even after losing 60% of its rainfall, still retains more water in absolute terms,325

allowing the ecosystem to persist. BCI remained the most drought-resilient overall.

These differences are linked to contrasting water-use strategies and hydraulic behavior. In the simulations, BCI exhibits

tighter stomatal regulation and consistently higher WUE, reducing transpiration early and maintaining closer coupling between

GPP and water loss. This prevents the rise in WUE that characterizes stress responses at the other two sites. In contrast, GYF

and TNF allow transpiration to remain high as soils dry, causing WUE to increase because transpiration declines faster than330

GPP. This anisohydric tendency increases short-term carbon gain but elevates hydraulic risk once soil moisture falls below a

critical threshold. TNF is especially vulnerable: when transpiration drops below roughly∼ 1000 kg,H2O,m−2,yr−1, hydraulic

conductance declines sharply, producing the nonlinear downturn observed in both GPP and NPP.

Overall, these patterns show that soil moisture limitation is the primary driver of ecosystem instability in BiomeE. Once the

soil reservoir is depleted, recovery depends on the plant’s hydraulic capacity and site-specific water-use strategy. The increasing335

frequency and intensity of droughts projected under future climate scenarios (Robbins et al., 2024) highlight the importance

of mechanistic hydraulic models for predicting tropical forest vulnerability. In this context, the results here clarify that GYF is

more sensitive in absolute terms, TNF is more collapse-prone due to lower baseline water supply, and BCI is the most resilient

owing to conservative water use and high rainfall.
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4.2 Atmospheric Water Demand and the Role of Vapor Pressure Deficit340

Warming primarily influenced ecosystem function through increases in vapor pressure deficit (VPD), which raised atmospheric

water demand and reduced GPP across all sites (Lin et al., 2025). Because pressure and relative humidity were held constant,

higher air temperature directly elevated VPD and intensified evaporative demand. Unlike drought, which limits water supply

to the roots, warming acts on the demand side: leaves lose more water for the same soil moisture level, increasing xylem

tension and reducing stomatal conductance (Grossiord et al., 2020). Although BiomeE does not include thermal acclimation or345

temperature-dependent adjustments of leaf traits, the simulations show that hydraulic stress and productivity losses can occur

even when soil moisture remains high, purely because of excessive atmospheric demand (Bauman et al., 2022).

The ecosystem responses differed substantially across sites. GYF was the most warming-sensitive: GPP declined rapidly

once temperatures rose beyond roughly 4◦C above ambient, leading to ecosystem collapse. BCI maintained productivity over a

larger warming range, with declines occurring only under stronger forcing. TNF showed the slowest decline and remained the350

most resilient of the three sites. These differences reflect how warming interacts with baseline climate. In wetter systems (BCI

and GYF), the higher initial transpiration amplifies the VPD-driven water loss, causing earlier stomatal regulation and pro-

nounced declines in GPP (Detto and Pacala, 2022). TNF, with lower baseline transpiration and atmospheric demand, exhibited

a more gradual, nearly linear response to warming.

The timescale of warming also strongly shaped ecosystem behavior. Short daily warming events generated sharp but brief355

VPD pulses, allowing partial hydraulic and carbon recovery between successive hot–dry periods. This buffering prevented

immediate collapse at both BCI and GYF and produced the slower decline in transpiration seen in the Results. Hourly warm-

ing, in contrast, induced the strongest reductions in transpiration and GPP. Because thermal stress was applied continuously,

ecosystems had no recovery window, causing an initial increase in transpiration at low warming levels followed by a rapid,

sustained decline as evaporative demand exceeded hydraulic supply (Bartlett et al., 2016).360

At longer periods (seasonal to multi-year), warming persisted for months and produced similar thresholds across sites, align-

ing with the fourfold increase in temperature range identified in the Results. This reflects the cumulative nature of prolonged

thermal stress: although the amplitude of warming is the same, longer forcing windows expose the plant to elevated VPD for

extended periods, exhausting hydraulic margins (Allen et al., 2010). GYF showed an earlier decline under multi-year warming

(particularly at the 7-year timescale), consistent with its sensitivity to sustained evaporative demand.365

4.3 Compound Effects of Drought and Warming

When drought and warming occurred together, warming amplified drought impacts by increasing VPD and raising atmospheric

water demand. This intensified hydraulic strain across all sites, but the magnitude and timing of the response depended strongly

on baseline hydroclimate and, critically, on the persistence of the combined stress.

The compound experiments showed that yearly-scale warm–dry conditions produced the most severe outcomes. Under370

these sustained events, GPP declined monotonically at all sites, with TNF undergoing rapid collapse once rainfall and VPD

crossed their respective thresholds. Because warming and drought co-occurred for long periods, hydraulic stress accumulated
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and exceeded each ecosystem’s capacity to maintain transpiration and carbon uptake. Notably, in the yearly compound case,

ecosystem response was dominated by VPD, with rainfall playing only a secondary role in determining GPP declines.

In contrast, daily-scale compound events produced markedly different behavior. Although these scenarios generated lower375

mean annual rainfall and higher mean VPD, the short duration of each hot–dry pulse allowed partial recovery between events.

As a result, TNF maintained productivity across most combinations and collapsed only in the most extreme case. This reversal

relative to the yearly experiments highlights that stress duration, rather than intensity alone, governs ecosystem failure.

BCI remained the most resilient site under both timescales, with only modest GPP reductions and little sensitivity to rainfall

deficits even at high VPD. Its slight increase in GPP under mild daily-scale VPD increases is consistent with improved water-380

use efficiency under moderate stress. GYF fell between BCI and TNF in overall sensitivity but displayed similar timescale-

dependent behavior: strong declines under sustained yearly stress and more moderate responses under daily fluctuations.

Together, these results show that compound heat–drought impacts cannot be inferred from drought or warming in isolation.

Instead, ecosystem stability depends on the interaction between soil moisture supply, atmospheric water demand, and the

temporal structure of the forcing. Forests are more likely to collapse when warm–dry conditions persist continuously, whereas385

intermittent extremes allow hydraulic and carbon recovery that can delay or prevent failure.

4.4 Model Limitations and Future Directions

While these experiments provide mechanistic insight into how stress persistence and compound drought–warming interactions

shape tropical forest stability, several limitations of the modeling framework should be noted. First, the BiomeE model assumes

fixed carbon allocation parameters and does not capture adaptive shifts in allocation (e.g., changes in root-to-shoot ratio).390

Second, the model does not account for physiological acclimation to repeated or sustained stress, such as adjustments in

photosynthetic capacity or hydraulic traits, which is a typical behavior for plant survival (Nakad et al., 2023). Third, the study

holds relative humidity constant, neglecting potential co-variations among temperature, humidity, and radiation that could

alter VPD and the surface energy balance under warming. Fourth, the simulations omit radiative effects from canopy loss,

where reductions in LAI could increase soil evaporation and local heating, amplifying water loss during drought. Finally, no395

drainage or lateral water redistribution was included, which may influence soil moisture persistence after rainfall events. These

simplifications limit the realism of the absolute magnitudes of the responses, although the relative patterns across sites and

timescales are expected to remain robust.

BiomeE explicitly resolves size structure, canopy layering, and demographic processes, but in this study the analysis was re-

stricted to ecosystem fluxes (GPP, NPP, transpiration), which are used as leading indicators of instability. Detailed examination400

of changes in biomass, stand structure, and mortality patterns under repeated extremes is beyond the scope of this work and is

left for future studies. Resilience is interpreted here in terms of the persistence or collapse of carbon fluxes under sustained forc-

ing regimes, rather than through formal metrics of recovery time or hysteresis following discrete shocks. In addition, although

the model includes an explicit plant hydraulic scheme, xylem water potentials and loss of conductivity were not analyzed

directly, and changes in transpiration and water-use efficiency were instead used as proxies for increasing hydraulic stress.405

Together, these choices define the scope of inference and highlight model components that warrant more detailed analysis.
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Future work should therefore aim to disentangle the relative roles of atmospheric demand and soil water supply in driving

hydraulic failure. Determining whether mortality arises primarily from high VPD or from water depletion would improve

predictions of forest vulnerability, particularly under future climates where both stressors intensify. The potential compensating

effects of light availability under drought also warrant examination, since reduced cloud cover could enhance photosynthetic410

radiation but at the cost of greater evaporative demand. Incorporating such interactions, together with acclimation processes

and dynamic carbon allocation, will help refine model thresholds separating recovery from collapse. Beyond climatic stressors,

shifts in disturbance regimes such as storms and fires, as well as deforestation, logging, and other types of land-use and land-

cover change, should also be considered to broaden the relevance of these simulations and strengthen predictions of tropical

forest feedbacks to the global carbon–climate system. Overall, the present analysis provides a foundation for future work on415

species diversity, competition dynamics, and adaptive strategies, and underscores the critical role of mechanistic vegetation

modeling as an essential tool for exploring and predicting ecosystem responses to climate extremes.

5 Conclusions

This study used the vegetation demography model BiomeE to examine how three tropical forest sites (BCI, GYF, and TNF)

respond to changes in water supply (rainfall) and atmospheric water demand (VPD), imposed independently and in combination420

across multiple time scales. Across sites, productivity losses emerged only after rainfall dropped below site-specific thresholds,

highlighting that cumulative water supply governs the onset of ecosystem decline. Differences in baseline hydroclimate and soil

water storage produced contrasting vulnerabilities: TNF was the most collapse-prone under sustained drought due to limited

initial water reserves, whereas BCI was consistently the most resilient, and GYF showed higher sensitivity in absolute rainfall

terms but remained buffered by higher baseline precipitation.425

Warming acted primarily through increased VPD, reducing GPP even when soil moisture remained relatively high, and the

magnitude of the response depended strongly on baseline transpiration and on the persistence of the thermal forcing. Com-

pound warming-drought experiments further demonstrated that ecosystem failure is controlled not only by stress intensity but

also by stress duration: sustained yearly-scale warm and dry conditions produced the strongest declines, while intermittent

daily-scale extremes allowed partial recovery and delayed collapse. Together, these results emphasize that tropical forest sta-430

bility under climate extremes depends on the interaction between soil moisture supply, atmospheric demand, and the temporal

structure of forcing, motivating the use of mechanistic demographic-hydraulic models to explore thresholds and site-dependent

vulnerability under future climates.

Code and data availability. The model code and scripts used in this study are available at: https://doi.org/10.5281/zenodo.17625235
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Figure A1. Annual Gross Primary Productivity (GPP) at the three tropical forest sites. Observed eddy covariance GPP is shown in green,

while simulated GPP is shown for (a) BCI in blue, (b) GYF in grey, and (c) TNF in black.

Appendix A: Site-Level Observations of GPP and Climate Variables435

Figure A1 presents the annual Gross Primary Productivity (GPP) at the Paracou Field Station in French Guiana (GYF) and

Barro Colorado Island (BCI), based on both observed eddy covariance data (Bonal et al., 2008; Condit et al., 2019) and

BiomeE simulations. The comparison illustrates that the model captures interannual variability and overall productivity trends

reasonably well, particularly at the BCI site. For the Tapajos National Forest (TNF), only simulated GPP is shown due to

the lack of available observational data. However, when compared with previously published values (Longo et al., 2018), the440

simulated average annual GPP is consistent with reported observations (see Figure S2 in the referenced study). It is important

to note that the goal of this study is not to achieve accurate GPP predictions with BiomeE, but rather to explore the model’s

ability to simulate the impacts of drought and warming on tropical forests. Achieving high predictive accuracy would require

a data assimilation approach, where observational data are used to constrain key model parameters, such as the maximum

carboxylation rate (Vcmax). This parameter calibration lies beyond the scope of the present work.445

Figure A2 illustrates the annual variations in mean temperature and total precipitation across the three sites: GYF (Paracou

Field Station), BCI (Barro Colorado Island), and TNF (Tapajos National Forest). The Tapajos site consistently receives the

lowest total rainfall under ambient conditions, making it particularly susceptible to drought stress, as discussed in the main

text. In contrast, GYF experiences relatively lower mean temperatures, which likely correspond to lower vapor pressure deficits
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Figure A2. Annual mean temperature (top) and total precipitation (bottom) at the three tropical forest sites: BCI (blue), GYF (grey), and

TNF (black).

(VPD), contributing to its heightened sensitivity to warming scenarios. These differences in climatic drivers are essential for450

interpreting site-level forest dynamics and simulation outcomes. The figure highlights how distinct baseline climate regimes

shape the forest’s vulnerability to environmental perturbations, reinforcing site-specific discussions presented earlier in the

main text.

Appendix B: Detailed methodology of dry spell extension scenarios

The daily dry spell extension approach involved extending dry periods at the daily scale by resampling dry spell durations using455

a geometric distribution. First, daily total rainfall was calculated for each day of the year, and days with rainfall less than 1%

of the mean daily rainfall were classified as dry. Consecutive dry days were grouped together to identify individual dry spells,

and their lengths were recorded. For each dry spell, a new length was randomly sampled from a geometric distribution with a

probability parameter inversely proportional to the product of the original dry spell length and a frequency scaling factor (for

example, 2). This procedure effectively elongates dry spells by randomly increasing their duration while maintaining natural460

variability. The resampled dry spell lengths were then sequentially applied to reconstruct a modified dry/wet daily sequence,

ensuring that no dry spells overlapped or exceeded the available data range. To reflect these changes in rainfall, all rainfall

amounts on days classified as dry in the extended sequence were set to zero, while the original hourly rainfall distributions
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were preserved on wet days. In practice, this modification was imposed in years separated by a fixed recurrence interval

controlled by the intensity parameter, and totals were not rescaled (i.e. the annual precipitation was affected by the increase in465

dry days). This method simulates short-term drought intensification by lengthening dry periods at a fine temporal resolution,

which is critical for capturing rapid fluctuations that impact plant water stress and short-term hydrological dynamics.

At the seasonal scale, the methodology aimed to model prolonged drought events that influence seasonal water availability.

Total monthly rainfall was computed for each month and year, and months with rainfall below 25% of the average monthly

rainfall were flagged as dry. This threshold was selected because, on average, approximately one quarter of the months in the470

study period are characterized by notably low rainfall, effectively representing the seasonal minimum in precipitation. This

fixed threshold was chosen as a site-specific indicator of very low monthly rainfall and does not imply that approximately

one quarter of the months are flagged. By identifying months classified as dry under this threshold, the method realistically

captures the typical timing and severity of seasonal drought conditions. Consecutive dry months were then grouped to define

dry spell sequences and their lengths. These sequences were extended by multiplying the original spell lengths by a frequency475

scaling factor (e.g., 1.5), producing a modified dry/wet classification across the time series. For months that were originally

wet but reclassified as dry, rainfall was reallocated daily fractions from that month’s original series and an hourly template

derived from original dry months. This redistribution preserved the within-month rainfall structure while simulating the impact

of prolonged seasonal dryness. By extending dry spells at the seasonal timescale, this approach captures larger-scale droughts

that can influence ecosystem processes such as phenology, soil moisture dynamics, and vegetation stress.480

For the yearly dry spell extension, the focus was on capturing multi-year drought variability, such as that associated with

El Nino Southern Oscillation (ENSO) events. Annual total rainfall was calculated for each year, and years with rainfall below

the 20th percentile were identified as dry years. This threshold was selected to identify the most anomalously dry years while

ensuring sufficient representation for statistical resampling. Consecutive dry years were grouped to determine dry spell lengths

at the annual scale. These lengths were then resampled using a geometric distribution, where the probability parameter was485

inversely related to the product of the original dry spell length and a frequency factor. This resampling generated longer dry

year sequences that mimic extended drought periods. The reconstructed yearly dry/wet sequence was then applied accordingly.

For years that were added as dry in the modified sequence but were originally wet, rainfall was resynthesized to preserve

seasonal and sub-seasonal variability by retaining each year’s original monthly and daily fractions and applying an hourly

template characteristic of dry years. An intensity scaling factor was also applied to simulate changes in drought severity. This490

yearly scale approach effectively captures prolonged drought events driven by large-scale climate variability, which are critical

for understanding ecosystem resilience and long-term water resource dynamics.

The experiments spanned three timescales: daily, seasonal, and yearly. For each timescale, the duration of dry-period was

extended as described above. Because the new dry-down lengths are random, the number of dry days per year (daily case) and

the number of dry years (yearly case) varies even for the same factor. To account for this variability, 20 replicate simulations495

were run at each imposed dry-down intensity. Results were averaged across the 20 replicates and over the first atmospheric

cycle after drought onset. Specifically, for GYF and TNF (50-year forcing files), simulations span 900 years and the reported

averages are for years 450–500; for BCI (30-year forcing file), simulations span 540 years and the reported averages are for
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years 270–300. At the seasonal scale, the dry season could not be extended beyond six months, and under that extension the

impact on annual rainfall was minimal. When annual rainfall was reduced, the results were consistent with the daily and yearly500

cases; therefore, seasonal results are omitted from the main figures. In cases where extreme drought (20–30% of current value)

caused both annual transpiration and GPP to drop to zero, WUE was set to zero for averaging consistency.

Appendix C: Detailed methodology of warming scenarios

To generate the warming scenarios, a spectral modification approach was employed using the Fast Fourier Transform (FFT) to

decompose the temperature time series into frequency components. This approach enables the isolation and amplification of505

variability at different timescales (e.g., daily, seasonal, multi-year), thereby allowing precise control over the type of thermal

stress applied. After modification, the signal was reconstructed by applying the inverse Fourier transform to return to the time

domain. All scenarios were applied to the same baseline hourly temperature dataset to ensure comparability across experiments.

For the Daily Temperature Variability Increase, high-frequency components of the temperature signal were targeted to simu-

late short-term heat extremes. The Fourier transform was applied to the original time series, and spectral energy corresponding510

to daily frequency (1 cycle per day) was selectively amplified by a fixed scaling factor. This enhanced short-term variability

without altering lower-frequency trends or the overall mean. The Seasonal Temperature Amplification scenario focused on

modifying temperature variability at the annual frequency to simulate enhanced warming during the hottest part of the year.

This was achieved by amplifying the amplitude of the frequency component corresponding to one cycle per year in the Fourier

domain. This adjustment increased the seasonal amplitude of the temperature signal, i.e., making hot seasons hotter, while515

preserving the timing and structure of the seasonal cycle. The Multi-year Temperature Oscillation Increase scenario enhanced

interannual variability by increasing the spectral amplitude of low-frequency bands corresponding to 3, 5, and 7 year peri-

ods. These frequencies are characteristic of large-scale climate oscillations such as the El Nino–Southern Oscillation (ENSO),

which influence regional climate regimes. After identifying the relevant spectral bins in the Fourier domain, their magnitudes

were increased by a fixed factor to simulate stronger oscillatory behavior.520

The Mean Temperature Offset Increase was implemented by modifying the zero-frequency (DC) component of the tempera-

ture spectrum, which represents the long-term average temperature. By increasing the amplitude of this component, a uniform

temperature offset was applied across the entire time series, raising all hourly temperatures by a constant value. This scenario

represents baseline warming driven by climate change and serves as a reference condition for assessing the additive or in-

teractive effects of variability-based scenarios. Because only the mean was altered, short and long term variability remained525

unchanged, isolating the effects of elevated baseline temperature on ecosystem functioning. This frequency-domain approach

allowed warming scenarios to be constructed in a modular and physically interpretable manner, with each modification target-

ing a specific ecological timescale. The resulting temperature time series preserves the overall temporal structure of the original

climate data while simulating distinct warming regimes relevant to plant physiological thresholds, ecosystem phenology, and

long-term climate responses.530
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Simulations were run for the full forcing period (30 years for BCI; 50 years for GYF and TNF), and ecosystem outputs

were averaged over the perturbation window following the initial equilibrium cycle. Warming was applied by widening the

high–low while fixing the maximum above ambient at +20◦C (the same constraint was used for all timescales). For analysis,

the results were plotted against normalized temperature metrics: the mean temperature for the uniform offset scenario and the

mean temperature range for the variability scenarios (daily, seasonal, and multi-year). For multi-year cases (3, 5, and 7 years),535

the temperature range was computed as the difference between the maximum and minimum temperature within each period

and then averaged across the simulation window. All quantities were normalized by each site’s ambient simulation for cross-

site comparability. Examples of the modified time series for the uniform offset, daily, seasonal, and 3-year cases are shown in

Supplementary Figure C2 (BCI).

Table C1. A sample of precipitation and temperature modifications applied in the drought and warming scenarios for BCI. Drought scenarios

correspond to Figure C1, and warming scenarios correspond to Figure C2.

Scenario Modification Applied Factor

Drought Scenarios

Daily Dry Spell Extension Extend daily dry spells via

geometric resampling

3

Seasonal Dry Spell Extension Lengthen dry months by

scaling consecutive dry

months

2

Yearly Dry Spell Extension Extend dry years (below

20th percentile) by geomet-

ric resampling

2

Warming Scenarios

Daily Temperature Variability

Increase

Amplify daily temperature

variability (24-hour period

in the Fourier domain)

3

Seasonal Temperature Amplifi-

cation

Amplify annual tempera-

ture variability (365-day

period in the Fourier do-

main)

10

Multi-year Temperature Oscil-

lation Increase

Amplify multi-year temper-

ature oscillations (example

3-year period in the Fourier

domain)

100

Mean Temperature Offset In-

crease

Apply uniform warming

via zero-frequency offset

(Fourier domain)

+ 2oC
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Figure C1. Drought scenarios for BCI as described in Table C1. Top panel shows the daily rainfall for the first year under ambient conditions

(blue) and the Daily Dry Spell Extension (black dashed). Middle panel shows the daily rainfall for the first year under ambient conditions

(blue) and the Seasonal Dry Spell Extension (black dashed). Bottom panel shows the annual rainfall totals under ambient conditions (blue)

and the Yearly Dry Spell Extension (black dashed).
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Figure C2. Warming scenarios for BCI as described in Table C1. (a) Monthly mean temperature for the first year under ambient conditions

(blue) and Mean Temperature Offset Increase scenario (black dashed). (b) Diurnal temperature variations for ambient (blue) and Daily

Temperature Variability Increase scenario (black dashed). (c) Monthly means for the first two years under ambient (blue) and Seasonal

Temperature Amplification scenario (black dashed). (d) Monthly means for the first 8 years under ambient (blue) and Multi-year Temperature

Oscillation Increase scenario (3 years in this case, black dashed).
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