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Abstract1

Understanding how vegetation loss alters rainfall remains a major challenge in climate and hydro-2

logical science, as deforestation modifies precipitation through heterogeneous, seasonal, and nonlinear3

land-atmosphere feedbacks. Existing modelling systems struggle to capture these dynamics: convec-4

tion is parameterised at coarse spatial scales, potential tipping behaviour is poorly constrained, and5

rainfall–deforestation analyses are often limited to multi-decadal timescales. As a result, many ap-6

proaches resolve correlations rather than causal effects, limiting our ability to anticipate hydrological7

disruption and inform water-security planning. Using a neural-network predictive model for hourly8

rainfall forecasting across the Amazon Basin, coupled with mechanistic pathway diagnostics and9

sensitivity analyses, we examine how vegetation perturbations reorganise rainfall dynamics across10

space, intensity regimes, and timescales. We test whether the model internalises physically consis-11

tent pathways linking vegetation, atmospheric state, and precipitation, and whether sustained canopy12

loss is associated with threshold behaviour in rainfall organisation. The model accurately predicts13

rainfall occurrence and intensity across the Amazon (Spearman = 0.84, F1 = 0.93, ROC-AUC =14

0.98) and learns temporally ordered, physically consistent dependencies aligned with ecohydrological15

theory. From sensitivity analyses, we observe rapid and asymmetric rainfall responses to vegetation16

loss: heavy rainfall (20–50 mm h−1) declines by up to 7% under sustained deforestation over eight17

months, while light rainfall (0.1–1 mm h−1) increases by nearly 4%. Across scenarios, we observe18

rainfall entropy increases by 1.3%, and dry-season intensity rises by 0.3–0.5% per 0.5% forest-cover19

loss, with the strongest disruptions occurring in the north-western Amazon and the Andean foothills.20

Through threshold analysis, we observe that after approximately 2–3 months of sustained vegetation21

changes in the most sensitive regions, the precipitating area fraction declines sharply. These findings22

demonstrate that data-driven methods can uncover process-relevant signatures of land–atmosphere23

coupling, offer new insights into hydrological vulnerability, and emphasise the urgency of Amazon24

conservation.25
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Graphical abstract: Interpretable framework for analysing vegetation-rainfall coupling over the Ama-
zon Basin using ERA5 reanalysis data (2021–2024) at hourly resolution. A MultiTask ConvLSTM
predicts rainfall occurrence and intensity from atmospheric and vegetation inputs (Spearman ρ ≈ 0.84,
F1 ≈ 0.93, ROC-AUC ≈ 0.98), enabling sensitivity-based attribution of land-atmosphere interactions
consistent with established ecohydrological mechanisms. Counterfactual deforestation experiments re-
veal nonlinear and asymmetric rainfall responses, including reductions of up to 7% in heavy rainfall
(20–50 mm h−1), increases of up to 4% in light rainfall (0–1 mm h−1), and an abrupt decline in precipi-
tating area fraction after approximately 2–3 months of sustained vegetation loss along the most sensitive
directions. Spatial sensitivity mapping identifies the north-western Amazon and Andean foothills as
hotspots of short-term hydrological vulnerability.
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1 Introduction26

Tropical forests play a central role in regulating regional and global rainfall, with Amazonian deforestation27

disrupting hydrological cycles through reduced evapotranspiration, altered convection, and displacement28

of the intertropical convergence zone (Bagley et al., 2014; Badger and Dirmeyer, 2015; Butt et al.,29

2023; Konapala et al., 2020; Lawrence and Vandecar, 2015). These disruptions affect biodiversity, water30

security, and agriculture (Mu and Jones, 2022; Leite-Filho et al., 2021), and are increasingly linked to31

tipping points in both regional and global climate (Duku and Hein, 2023; Qin et al., 2025). Currently, over32

20% of the Amazon rainforest is estimated to have been lost (da Cruz et al., 2020). As deforestation shows33

little sign of slowing to manageable levels, understanding short-term rainfall responses is increasingly34

urgent for mitigating local and regional climate impacts.35

Rainfall regulation in tropical forests arises from tightly coupled exchanges of moisture, energy, and36

momentum between the land surface and atmosphere. Vegetation-related variables capture key pathways37

of land-atmosphere coupling: Leaf Area Index (LAI) controls evapotranspiration capacity and boundary-38

layer humidity (Fang et al., 2019); canopy and surface roughness regulate turbulent heat and momentum39

fluxes that influence boundary-layer depth and convective triggering (Ma and Liu, 2019); surface albedo40

alters radiative balance (Zhang et al., 2019); and soil water availability constrains latent heat flux,41

reinforcing drought through suppressed evapotranspiration (Sanchez-Martinez et al., 2025). Operating42

across hours to months, these processes complicate attribution, as observed rainfall variability often43

reflects a combination of causal land-atmosphere feedbacks and coincident atmospheric variability. In the44

Amazon Basin, deforestation reduces latent heat flux, increases sensible heating, decreases roughness,45

and increases albedo, collectively suppressing convection and altering moisture convergence (Lejeune46

et al., 2014). Accurately capturing how these fast, localised processes generate rainfall extremes remains47

challenging, as many approaches smooth convective structure, misplace precipitation, underpredict high-48

intensity events, or lack mechanisms for attribution beyond correlation (Sønderby et al., 2020; Medvigy49

et al., 2011; Li et al., 2025; L. et al., 2024; Rui et al., 2024; L et al., 2024; Du and Guo, 2024; Caseri50

et al., 2022; Wang et al., 2024).51

Rainfall responses to deforestation are also highly spatially heterogeneous, further limiting inference52

based on correlation alone. Southern Amazonia consistently exhibits drying in climate model experi-53

ments (Bagley et al., 2014; Avissar et al., 2011), reflecting its distance from Atlantic moisture sources54

and reliance on local recycling (Qin et al., 2025), whereas northwestern Amazonia often shows weaker55

sensitivity due to persistent Atlantic and Caribbean inflow (Nian et al., 2024; Duku and Hein). The56

Andes further modulate these responses by intensifying convection along the western margin while di-57

verting low-level jets that redistribute moisture southward (Chavez and Takahashi, 2024). Large river58

systems such as the Amazon and Negro, together with coastal circulations, introduce additional sources59

of local moisture recycling, producing regions where rainfall may increase locally despite broader re-60

gional drying (Lejeune et al., 2014). As a result, spatial correlations between forest loss and rainfall61

can mask underlying feedbacks and yield opposing trends depending on scale. Sustained deforestation62

within concentrated hotspots may further induce hysteresis, whereby reduced evapotranspiration and63

enhanced sensible heating suppress convection beyond a threshold, limiting rainfall recovery even under64

regrowth (Staal et al., 2020). Identifying when and where such feedbacks emerge therefore, requires65

approaches that move beyond correlation toward causal reasoning at short timescales relevant for land-66

atmosphere coupling. This will assist in understanding the resilience of rainfall to disturbance.67

Previous studies using global and regional climate models, including WRF-Noah (Bagley et al.,68

2014) and OLAM (Avissar et al., 2011), have documented substantial rainfall reductions in the southern69

Amazon under deforestation and revealed associated changes in moisture convergence and large-scale70

circulation. Observational analyses further suggest threshold behaviour, whereby prolonged forest loss71

in long-established hotspot regions (>10 years) leads to significant drying (Mu and Jones, 2022), while72

satellite-based estimates associate each 1% forest loss with an average decline of 0.25 mm month−1 in73

rainfall (Smith et al., 2023). Together, these studies establish the sensitivity of Amazonian rainfall to74

vegetation loss, but leave open questions regarding short-term responses, spatially localised effects, and75

causal attribution. Moreover, numerical weather prediction and climate modelling frameworks typically76

rely on ensemble simulations and substantial computational resources, operate at coarse spatial or tem-77

poral resolution, and often struggle to accurately represent convective precipitation, limiting their ability78

to resolve fast, localised land-atmosphere feedbacks.79

Recent advances in neural weather forecasting, including models such as ISOX (Lu et al., 2025)80

and 4DVarFormer (Wang et al., 2024), have demonstrated strong performance in large-scale precipita-81

tion estimation and extended-range forecasting. More broadly, machine learning (ML) approaches have82
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gained prominence for precipitation nowcasting by learning spatiotemporal rainfall patterns directly83

from high-resolution reanalysis or radar data, complementing process-based climate and land-surface84

models. In particular, deep learning architectures such as Convolutional Long Short-Term Memory85

Networks (ConvLSTMs) and attention-based models have shown strong skill in predicting convective86

rainfall events (Wang et al., 2024; Shi et al., 2015; Sham et al., 2025; Espeholt et al., 2022; Ravuri et al.,87

2021), making them well suited for analysing short-term, localised precipitation dynamics and supporting88

efficient exploration of counterfactual scenarios.89

Despite this potential, existing neural precipitation models remain limited in their ability to charac-90

terise how rainfall responds to underlying physical drivers. Recurrent architectures such as ConvLSTMs91

frequently underpredict extremes, struggle to distinguish between zero and non-zero rainfall, and ex-92

hibit skewed behaviour in high-intensity regimes (Bagley et al., 2014; Duku and Hein, 2023; Caseri93

et al., 2022; Badger and Dirmeyer, 2015; Butt et al., 2023; Konapala et al., 2020; Mu and Jones, 2022;94

Leite-Filho et al., 2021; Qin et al., 2025; Zhang et al., 2025; Sham et al., 2025). While the ConvLSTM95

architecture (Shi et al., 2015) and subsequent variants, including DConvLSTM-SAC (L. et al., 2024)96

and attention-based hybrids (Du and Guo, 2024; Rui et al., 2024), improve representation of spatial97

heterogeneity, these models are still predominantly evaluated in terms of predictive performance, with98

limited examination of whether their internal representations capture physically meaningful dependen-99

cies. Crucially, vegetation indices are rarely incorporated as dynamic drivers of precipitation, leaving100

land-atmosphere coupling weakly constrained and limiting mechanistic interpretation of rainfall responses101

to deforestation (Medvigy et al., 2011).102

Overall, no single existing modelling approach simultaneously resolves convective-scale dynamics at103

regional scales, treats vegetation as a dynamic forcing, supports counterfactual deforestation analysis,104

and identifies the dominant spatial-temporal drivers of rainfall variability while maintaining physically105

and chronologically consistent internal representations aligned with hydrological and ecohydrological106

theory. Consequently, key aspects of short-term vegetation-rainfall coupling in tropical forest systems107

remain insufficiently constrained.108

In this study, we address these challenges by developing a modelling pipeline for high-resolution109

analysis of short-term precipitation responses to incremental and spatially concentrated vegetation per-110

turbations using data-driven models. We quantify the magnitude, direction, and spatial variability of111

rainfall sensitivity to vegetation change, revealing non-linear responses, asymmetric behaviour under loss112

and regrowth, and the emergence of hysteresis. We further demonstrate that neural networks trained on113

observational data can internalise temporally consistent and directionally coherent dependencies between114

vegetation, atmospheric state, and rainfall. By incorporating mechanisms that enhance interpretability115

and transparency, we assess whether learned internal representations align with established ecohydro-116

logical pathways. This facilitates identification of variable-specific and location-dependent directions of117

rainfall sensitivity, providing new insight into the structure of land-atmosphere feedbacks at convective118

timescales and demonstrating how data-driven models can support interpretation of vegetation-driven119

precipitation change in tropical forest systems.120

We summarise our main contributions as follows:121

(1) We develop an interpretable neural forecasting model that jointly predicts hourly rainfall occurrence122

and intensity at convective timescales (Spearman ρ ≈ 0.84, F1 ≈ 0.93, ROC-AUC ≈ 0.98), and123

show through targeted ablations and sensitivity analyses, that the model learns temporally ordered124

and physically consistent dependencies between vegetation changes and rainfall.125

(2) Using counterfactual deforestation experiments, we observe nonlinear rainfall redistributions under126

sustained canopy loss, with heavy rainfall (20–50 mm h−1) declining by up to 7% and light rainfall127

(0–1 mm h−1) increasing by up to 4% under heavy deforestation (forest loss −1.0 – −1.5% yr−1).128

(3) We identify threshold-like behaviour in short-term rainfall organisation, whereby after approxi-129

mately 2–3 months of worst-case sustained vegetation perturbation in the most sensitive regions,130

we observe an abrupt reduction in the precipitating area fraction.131

(4) We find that rainfall responses are strongly asymmetric, with deforestation suppressing extreme132

rainfall, while promoting light rainfall, while reforestation disproportionately increases extreme133

rainfall and rainfall entropy, indicating short-timescale hysteresis in vegetation-rainfall coupling.134

(5) We observe that rainfall sensitivity is highly spatially heterogeneous, with the north-western Ama-135

zon and Andean foothills exhibiting the strongest and most rapid disruptions, identifying locations136
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Table 1: Precipitation prediction performance across models. The persistence baseline uses the previous
hour’s precipitation as the prediction. The baseline ConvLSTM consists of three ConvLSTM layers.
ConvLSTM + Conv3D extends this with an additional Conv3D output layer. The MultiTask ConvLSTM
includes parallel regression and classification heads. Values are reported as mean over the test set. The
dataset includes 43.65% 0-precipitation values and 56.35% non-zero precipitation.

Regression and Correlation Metrics

Model Spearman Pearson Kendall NSE MSE

Persistence Baseline 0.8012 0.6728 0.6806 0.2641 0.0350

Baseline ConvLSTM 0.8230 0.8108 0.6580 0.6476 0.04151

ConvLSTM + Conv3D 0.8388 0.8231 0.6690 0.7035 0.0413

MultiTask ConvLSTM 0.8412 0.8302 0.6870 0.6890 0.0448

Classification Metrics

Model Accuracy Precision Recall F1 Score ROC-AUC

Persistence Baseline 0.8955 0.8913 0.8909 0.8878 0.9012

MultiTask ConvLSTM 0.9159 0.9186 0.9335 0.9260 0.9754

of short-term hydrological vulnerability.137

2 Results138

We have developed a data-driven model capable of predicting hourly precipitation across the central139

Amazon using atmospheric and vegetation information from ERA5-Reanalysis (2021–2024). The model140

jointly predicts rainfall occurrence and intensity, representing both the timing and magnitude of pre-141

cipitation events and capturing convective rainfall dynamics alongside land-atmosphere interactions at142

regional scales. We evaluate the model’s forecast fidelity and generalisation performance on two inde-143

pendent held-out test periods, including intervals coinciding with historical El Niño conditions that were144

not present during training, to establish whether the model can reliably reproduce observed short-term145

rainfall patterns under varying climatic regimes.146

We next assess whether the model learns physically meaningful structure rather than relying on purely147

correlative relationships. To do so, we examine how rainfall predictions respond to targeted removal and148

perturbation of atmospheric and vegetation inputs, testing whether the model distinguishes between149

temporally ordered drivers of precipitation.150

Finally, the trained model is applied to counterfactual scenarios representing deforestation and re-151

growth patterns. Resulting changes in rainfall characteristics are analysed to identify asymmetries be-152

tween vegetation loss and recovery, spatially heterogeneous sensitivities, and the emergence of threshold153

behaviour in short-term rainfall response.154

2.1 Prediction of Hourly Rainfall Patterns155

We evaluate the performance of the proposed multi-task convolutional long short-term memory net-156

work (MultiTask ConvLSTM) framework for predicting hourly precipitation across the Amazon basin.157

Model skill is assessed on independent test periods using grid-wise and basin-aggregated metrics at158

hourly resolution (see Methods). The MultiTask ConvLSTM learns spatial rainfall structures through159

convolutional filters while simultaneously tracking their temporal evolution via recurrent dynamics, en-160

abling it to represent evolving storm systems and land-atmosphere feedbacks. The model achieves strong161

correlation-based metrics (Kendall Tau = 0.69, Spearman = 0.84), as shown in Table 1, indicating ac-162

curate recovery of the structure of rainfall rank in space and time. These results suggest that subtle163

variations in precipitation intensity are preserved.164

By jointly predicting a binary rainfall classification and continuous intensity estimate, the model165

handles dry-to-wet transitions effectively. Binary classification performance is strong (F1 = 0.93, ROC-166

AUC = 0.98), as shown in Table 1, with over 90% of rainfall onset and cessation events correctly167

identified across the region. Most misclassifications occur at low rainfall intensities (<1 mm h−1), where168

atmospheric noise and labelling uncertainty are highest.169
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Figure 1: Visualisation of distribution and metrics of MultiTask ConvLSTM predictions across the test
region. (a) Spatial outline of the region of interest. Maps span latitude −15◦ to 5◦ and longitude
−75◦ to −50◦, and were generated in Python. (b) Hexbin plot comparing predicted and ground truth
precipitation values for the MultiTask ConvLSTM model. The red dashed line denotes the ideal 1:1
correspondence (y = x). Predictions closely align with the diagonal across the rainfall spectrum, indi-
cating accurate model behaviour. (c) Critical Success Index (CSI) and F1 score of the model compared
to ERA5 ground truth across varying rainfall thresholds.(d) Temporal average of hourly Nash-Sutcliffe
Efficiency (NSE) for MultiTask ConvLSTM predictions on the test set. (e) Temporal average of hourly
Kendall’s Tau correlation, indicating the model’s ability to preserve temporal rank ordering of rainfall
intensities. (f) Temporal average hourly of Percentage Bias (PBIAS), measuring the systematic bias of
the predictions. (g) Hourly sequences of predicted rainfall (top), ground truth from the ERA5 Reanal-
ysis dataset (bottom). Predictions are evaluated using the Critical Success Index (CSI) at thresholds
of 1 mm h−1, 2 mm h−1, and 8 mm h−1, alongside the Continuous Ranked Probability Score (CRPS).
The model accurately captures the intensity, spatial structure, and temporal evolution of rainfall events,
particularly for moderate rainfall.
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The MultiTask ConvLSTM achieves high fidelity in predicting rainfall distributions, closely aligning170

with observed patterns across intensities, as shown in Figure 1 (b). This figure shows a dense concentra-171

tion of predictions along the 1:1 line, with minimal skew. While a small number of samples over-predict172

low rainfall, the majority of predictions cluster accurately below 2mm h−1, demonstrating strong dry-173

event precision. High-intensity rainfall events above 40 mm h−1 are also preserved, highlighting the174

model’s ability to capture extremes.175

This performance is consistent with the CSI and CRPS scores in Figure 1 (g). CSI values reach as176

high as 0.66 at the 1mm h−1 threshold and 0.80 at 8mm h−1, indicating robust detection of moderate177

and extreme rainfall. CRPS values typically remain low, supporting accurate probabilistic forecasts and178

reinforcing the model’s precision in distinguishing wet-dry transitions and rainfall structure. There is179

only minor underprediction near convective edges and slight overestimation between 5-15 mm h−1.180

As further shown in Figure 1 (d), (e), (f), performance is stable across space. Nash-Sutcliffe181

Efficiency (NSE) is generally high, though patchy in regions of convective complexity. Kendall’s Tau182

is strongest in the northwest and along the Andes, declining southward toward the Cerrado. This is183

because the southeastern Amazon and Cerrado transition zone has a climate influenced by convective184

initiation thresholds and synoptic variability, reducing the consistency of rainfall ranks across time and185

thus lowering Kendall’s Tau. PBIAS remains close to zero, with no significant systematic over- or186

underestimation, except in a few urban regions.187

The CSI and F1 score curves (Figure 1,(f)) exhibit a pronounced minimum at intermediate rain-188

fall thresholds (2–5 mm h−1), coinciding with the broadened density in the hexbin distribution, before189

recovering at higher intensities. This range corresponds to a transition regime between stratiform pre-190

cipitation and organised deep convection, where rainfall is spatially fragmented, short-lived, and highly191

sensitive to small-scale triggering processes. At hourly resolution, such events are intrinsically difficult to192

classify, and modest temporal or spatial displacements are strongly penalised by categorical metrics. In193

contrast, light rainfall is more temporally persistent and spatially coherent, while heavy rainfall is more194

distinct once established, leading to higher skill at both ends of the intensity spectrum.195

2.1.1 Model learns mechanistic pathway from vegetation to rainfall196

To determine whether the model learns merely predictive correlative patterns or internalises underly-197

ing mechanistic relationships between vegetation, atmospheric state, and precipitation, we probe its198

learned representations using targeted input ablations. Inputs are grouped into vegetation state (V),199

atmospheric intermediaries (A; surface fluxes and thermodynamics), and precipitation memory from200

the previous hour (P). If vegetation influences rainfall primarily through its modulation of atmospheric201

conditions, then removing vegetation information together with precipitation memory should disrupt202

forecast fidelity more strongly than removing precipitation memory alone. By contrast, if vegetation203

exerted a direct and instantaneous influence on rainfall beyond atmospheric state, removing vegetation204

inputs would substantially alter model behaviour even when atmospheric variables are retained. The205

observed pattern of responses across these ablations therefore distinguishes direct vegetation effects from206

indirect atmospheric mediation, revealing how vegetation information is organised within the learned207

dependency structure (Figure 2; Table 2).208

Removing vegetation inputs while retaining atmospheric variables and precipitation memory (A,209

P) leads to only a modest reduction in predictive performance relative to the full model (A, V, P),210

indicating that vegetation does not exert a strong instantaneous influence on next-hour precipitation211

Table 2: Ablation study results for the MultiTask ConvLSTM with vegetation (V), precipitation (P),
and atmospheric (A) mediators. The full model includes all three input types (A, V, P). Comparing
ablation patterns shows that removing precipitation memory strongly degrades performance, and that
removing vegetation in addition to precipitation leads to a further decline, consistent with vegetation
contributing predictive information via atmospheric mediation. Values are the mean across the test set.
All results are reported to four decimal places.

Inputs Spearman Pearson Kendall NSE MSE

A, P (no V) 0.8445 0.8310 0.6799 0.6281 0.0223

A only (no V, no P) 0.6413 0.5404 0.4925 0.2827 0.0210

A, V (no P) 0.6622 0.5669 0.5092 0.3191 0.0199

A, V, P (full) 0.8412 0.8302 0.6870 0.6890 0.0448
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when atmospheric state is already known. This is consistent with the absence of a dominant direct212

vegetation-precipitation pathway at hourly timescales (V ↛ P ).213

Removing the autoregressive precipitation signal (A, V) causes a substantial drop in performance,214

confirming that past precipitation is a key driver of the model’s future rainfall prediction (Pt−1 →215

Pt). Most notably, removing both vegetation and precipitation inputs (A only) results in a larger216

performance decline than removing precipitation alone (A, V). This implies that vegetation provides217

complementary predictive information when precipitation memory is absent, through its effect on the218

intermediate atmospheric state (V → A → P ).219

Together, these results are consistent with the model encoding vegetation effects on rainfall indirectly220

via atmospheric conditions, consistent with a front-door–type mediation structure (Pearl, 2009) at the221

level of learned representations. This interpretation is further supported by a constraint-based causal222

graph analysis (PC algorithm), which recovers directional dependencies from vegetation variables to223

atmospheric state and onward to precipitation (Figure 2, Supplementary Figure S3). We emphasise that224

these analyses do not identify causal effects in the physical system, but test whether the model’s learned225

dependency structure is consistent with a mechanistically mediated vegetation-atmosphere-precipitation226

pathway rather than shortcut correlations.227

Figure 2: Two causal graphs showing the interactions between input variables. Green represents vegeta-
tion and land surface variables, including LAI, albedo, surface roughness, and soil water content. Orange
represents surface fluxes, including surface latent heat flux and evaporation. Purple represents thermo-
dynamic variables, including 2m temperature, 2m dewpoint temperature, total column rainwater, and
wind components. Dark blue represents precipitation memory at the previous hour. Light blue represents
precipitation at the next hour. (a) Conceptual schematic of hypothesised land-atmosphere-precipitation
pathways. Vegetation (V: LAI, albedo, roughness, soil water) influences fluxes (F: latent heat flux, evap-
oration) through stomatal control and surface structure, while fluxes feedback onto vegetation via soil
moisture and energy balance. Fluxes and thermodynamics (T: temperature, dewpoint, rainwater, winds)
interact through moistening, demand, and regime shifts. Vegetation and thermodynamics are linked via
albedo-driven energy balance and climate stress. Precipitation memory (Pt-1) feeds back into all three
groups: altering surface fluxes, thermodynamics, and vegetation (canopy stress and growth). Current
precipitation (Pt) is directly driven by flux supply and thermodynamic instability, while autocorrelations
(self-arrows) represent persistence within each group. Solid arrows denote fast, direct processes; dashed
arrows indicate slower or indirect effects. (b) Data-driven causal graph inferred using the PC algorithm,
applied to model inputs at time t− 1 and total precipitation at time t. Edges indicate statistically sup-
ported conditional dependencies under standard causal sufficiency assumptions. The inferred structure
highlights an indirect pathway from vegetation variables (used as deforestation proxies) to next-hour
precipitation via atmospheric intermediaries, consistent with the conceptual pathways shown in panel
(a).

To further assess whether the model internalises physically consistent vegetation-rainfall relationships,228
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Table 3: Mean, maximum, and standard deviation of hourly precipitation prediction changes under
different deforestation scenarios. All values are reported to four decimal places.

Scenario Mean Change (mm) Max Change (mm) Std. Dev. (mm)

Scenario 1: Heavy diffuse de-
forestation
(-1.51% per year) 0.0043 11.7592 0.0216
Scenario 2: Heavy local de-
forestation
(-1.00% per year) 0.0035 9.4567 0.0174
Scenario 3: Moderate defor-
estation
(-0.38% per year) 0.0007 4.7214 0.0044
Scenario 4: Light deforesta-
tion
(-0.27% per year) 0.0005 3.5338 0.0034
Scenario 5: Slow forest re-
growth
(+0.10% per year) 0.0015 0.8336 0.0015

we examine the structure of the gradients learned during training. In this context, gradients quantify the229

local sensitivity of predicted precipitation to small perturbations in vegetation variables at preceding time230

steps, providing a physically interpretable measure of how changes in vegetation state are transmitted231

through the model’s representation to influence rainfall. By analysing coherent gradient patterns across232

space and time, we identify a small number of dominant influence axes that capture the principal ways233

in which vegetation variables jointly shape rainfall predictions (Figure 3). These axes are ordered by the234

fraction of rainfall variance they explain, revealing a clear hierarchy of vegetation controls by timescale.235

Variables associated with rapid surface-atmosphere exchange, particularly evaporation, dominate the236

leading axes explaining 84% of rainfall predictions, indicating that the model assigns them the greatest237

immediate influence on rainfall. Structural vegetation properties such as LAI emerge in later axes,238

consistent with their more indirect and temporally delayed role in modulating moisture recycling and239

boundary-layer development. This temporal separation implies that the model implicitly ranks vegetation240

variables according to the timescale of their hydrometeorological impact (Smith et al., 2023): fast-acting241

drivers are prioritised early, while slower canopy-mediated effects appear later. Together, these results242

indicate that the model has internalised a delayed vegetation-rainfall response structure aligned with243

ecohydrological theory and consistent with its gated temporal memory.244

2.1.2 Deforestation nonlinearly skews rainfall distributions towards lower intensities, with245

asymmetric responses under forest regrowth246

To assess how rainfall responds to vegetation change, we compare predicted rainfall under counterfactual247

deforestation and regrowth scenarios to a control case with no perturbation. Vegetation loss is imposed248

in ecologically relevant hotspot regions, and resulting shifts in the full rainfall intensity distribution are249

analysed. Across all scenarios, we observe that rainfall distributions change significantly, with modest,250

spatially localised vegetation degradation nonlinearly altering short-term precipitation dynamics.251

As seen in Figures 4 and Table 3, Scenario 1, simulating the strongest vegetation loss (approximately252

1.51% annual forest cover reduction) over a broad spatial extent (hotspot zones ≈ 50km wide), produced253

the largest response: a maximum deviation of 11.76 mm h−1 and a mean of 0.0043 mm h−1. These shifts254

indicate that diffuse canopy thinning across widespread hotspots can cause widespread but moderate255

hydrological disruption. When the same intensity of deforestation was applied to a more spatially256

concentrated area (Scenario 2, hotspot zones ≈ 5km wide), approximately 1.00% annual cover loss), the257

mean rainfall change slightly decreased by 18% compared to Scenario 1, with a maximum deviation of258

9.46 mm h−1. However, the proportion of moderate rainfall changes (5–10 mm h−1) increased, as seen in259

Figure 4 (c). The Kolmogorov-Smirnov (KS) statistic, shown in Figure 4 (d), revealed that Scenario 2260

produced a slightly greater maximum divergence in the cumulative rainfall distribution (KS = 0.071)261

than Scenario 1 (KS = 0.068). This means that at some rainfall threshold, the probability of occurrence262

shifted by up to 7.1 percentage points under the perturbation. Conversely, light rainfall events (below263
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Figure 3: A series of bar charts showing the relative contributions of each vegetation variable to the six
dominant vegetation-rainfall sensitivity modes identified by singular value decomposition (SVD) of the
model’s vegetation-precipitation gradients. Modes are ordered by decreasing importance, with Mode 1
representing the dominant sensitivity pattern and Mode 6 the weakest. The percentages indicate the
proportion of total variance in the model’s rainfall prediction explained by each mode, providing a quan-
titative measure of their relative influence on precipitation prediction. Contributions within each mode
reflect the mean absolute loading of each vegetation variable. Variables with more immediate and direct
influence on rainfall, such as evaporation, dominate the leading mode, while variables associated with
slower land-surface feedbacks, such as LAI, contribute primarily to later modes. Although LAI explains
a smaller fraction of short-term rainfall variance, the model remains responsive to LAI perturbations,
indicating sensitivity to longer-timescale vegetation-atmosphere interactions (see Section 2.2.1).

10

https://doi.org/10.5194/egusphere-2026-2979
Preprint. Discussion started: 6 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 4: (a) Spatial pattern of vegetation perturbations in the counterfactual experiments. The map
shows the one-year accumulated reduction in high-vegetation LAI derived from a Gaussian decay centered
on deforestation hotspots. Colour indicates perturbation magnitude; the same scheme was applied to all
vegetation variables (see Methods). (b) Grid-wise average difference in hourly precipitation (mm h−1)
between the control (no deforestation) scenario and each counterfactual deforestation scenario. Positive
values indicate reduced rainfall under deforestation, and negative values indicate increased rainfall. Re-
sponses are spatially heterogeneous but consistently concentrated in the north-western Amazon, with
diffuse changes propagating beyond direct deforestation hotspots. (c) Distribution of grid-wise precipi-
tation differences for each scenario. The histograms approximate skewed normal distributions with long
tails in the direction of dominant rainfall change, indicating that while most regions experience small
shifts, a minority exhibit pronounced precipitation responses. (d) Kolmogorov-Smirnov (KS) statistics
across rainfall intensity bins for each scenario (see Methods for details). Scenario 2 yields the strongest
divergence in both moderate and heavy rainfall ranges. (e) Spatial relative entropy of precipitation dis-
tributions under each counterfactual deforestation scenario compared to the control (no deforestation).
The increase in entropy is most pronounced under Scenario 5 (reforestation). (f) Comparison of dry
season intensity and overall precipitation entropy across scenarios. Severe deforestation (Scenarios 1 and
2) leads to substantial increases in dry season intensity, while Scenarios 3-4 (slower deforestation) result
in only moderate increases. Scenario 5 yields a slight reduction in dry season intensity. The figures shows
consistent shift towards spatially ordered rainfall under deforestation.
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1 mm h−1) were more affected in Scenario 1, with a distributional divergence of 0.0385 compared to264

0.0241 in Scenario 2. The remaining distribution bands remained largely stable across both scenarios.265

These findings correspond to spatially concentrated deforestation intensifying moderate rainfall bands,266

while more widespread but diffuse canopy loss primarily affects lighter rainfall.267

Scenarios 3 and 4 correspond to typical contemporary deforestation rates in the Amazon (0.38% and268

0.27% forest loss per year, hotspot zones approximately 20km wide). Although the mean hourly rainfall269

changes are small (0.0007 and 0.0005 mm h−1), the rainfall distribution departs systematically from the270

control case (Figure 4(d)). The strongest divergence occurs in the upper tail (20–50 mm h−1), indicating271

that moderate annual deforestation disproportionately suppresses the frequency of intense rainfall events.272

Weaker but non-negligible divergence is also observed in intermediate rainfall bands (10–20 mm h−1) and273

at very low intensities (0–1 mm h−1), suggesting that vegetation loss perturbs not only extremes but the274

overall shape of the rainfall distribution. These secondary shifts imply a redistribution of rainfall away275

from intense events toward lighter or fragmented precipitation regimes. Overall, this pattern corresponds276

to vegetation loss altering rainfall in a nonlinear manner, with the upper tail being most sensitive even277

under modest deforestation rates.278

Scenario 5, which simulated mild reforestation (0.1% forest cover gain per year), yielded the small-279

est hydrological impact: a maximum rainfall difference of 0.83 mm h−1 but with a mean change of280

0.0015 mm h−1, higher than both Scenario 3 and Scenario 4. KS values were lowest across all rainfall281

bins in this scenario. However, a non-zero KS statistic of 0.0306 was observed in the extreme rain-282

fall bin, similar in magnitude to the value from Scenario 3, despite Scenario 3 involving nearly four283

times the annual vegetation change. This asymmetry implies that reforestation does not simply reverse284

the effects of deforestation; instead, it has a disproportionate effect on extreme rainfall events without285

equivalently shifting other rainfall bands, highlighting the directionally sensitive nature of vegetation-286

precipitation feedbacks learned by the model, where the reintroduction of vegetation fails to fully restore287

evapotranspiration rates, convective triggers, or soil-atmosphere coupling lost during deforestation. Such288

hysteresis effects, where ecosystem responses depend on historical trajectories, are well-documented in289

coupled land-atmosphere systems and highlight the risk of crossing ecological tipping points beyond290

which recovery is incomplete or delayed (Baudena et al.).291

Spatially, precipitation changes were concentrated in the Western Amazon and Andean foothills292

(Figure 4 (b)). Under strong deforestation (Scenario 1), rainfall reductions spanned the northwest and293

western periphery and diffuse areas around deforestation hotspots, while increases were mostly confined294

offshore. The Amazon interior remained largely unchanged, appearing to function as a hydrological295

buffer. Histogram analysis showed an overall negative skew with a heavier upper tail, indicating more296

frequent under-prediction with occasional large spikes in over-prediction. In Scenario 2, spatial dis-297

ruptions were more confined but retained comparable KS statistic extremity, reaffirming that smaller,298

sharper deforestation events can provoke abrupt shifts within limited areas. Scenarios 3 and 4 sustained299

these spatial patterns, with rainfall reductions clustering in dry western and northern edges and in diffuse300

regions around deforestation hotspots. The Amazon interior remained largely invariant, and histograms301

maintained a slight negative skew, with Scenario 3 again displaying stronger deviations in line with302

its higher perturbation rate. In contrast, Scenario 5 produced gentle increases in precipitation across303

hotspot zones and particularly near the Andes, while modest reductions appeared in structurally sensi-304

tive inland zones, including around Lake Titicaca. The resulting histogram showed a mild positive skew,305

corresponding to the fact that reforestation modestly improves rainfall predictions. Together, these find-306

ings correspond with minor canopy alterations near topographically or climatologically sensitive zones307

propagating structured shifts in predicted rainfall regimes.308

2.2 Vegetation loss intensifies dry seasons and decreases rainfall entropy309

Monthly aggregates of the hourly predictions are summarised with Relative Entropy (RE), Dry Season310

Intensity (DSI), via Penman-Monteith (Penman, 1948), and PAF to capture seasonality, hydrological311

stress, and spatial extent (see Methods). As shown in Figure 4 (e), (f), deforestation scenarios consis-312

tently increased entropy across affected regions in comparison to the control scenario, with the South-313

eastern Amazon showing the most marked rise. This suggests that vegetation loss introduces disorder314

into the model’s prediction of local rainfall dynamics, especially in areas with already-high uncertainty.315

Intriguingly, reforestation (Scenario 5) yielded the largest overall increase in entropy (Figure 4 (f), cor-316

responding to the potential for vegetation recovery to temporarily destabilise the rainfall distribution,317

possibly due to delayed feedbacks in surface moisture and energy fluxes. Analysis of dry season charac-318

teristics further reinforced these findings (Figure 4 (f)). Dry season intensity increased markedly under319
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strong deforestation: in Scenarios 1 and 2, it reached 6600 mm and 5200 mm, respectively, indicating320

elevated water deficits during periods of extensive forest loss. In contrast, Scenario 3 saw a substantial321

drop to 1200 mm, with a further slight reduction to 1100 mm in Scenario 4. Scenario 5, representing322

reforestation, exhibited an almost negligible dry season intensity. The sharp contrast between Scenar-323

ios 1 and 2 and the remaining scenarios corresponds to a nonlinear relationship between deforestation324

magnitude and drought severity. Notably, the difference in dry season intensity between the moderate de-325

forestation and reforestation scenarios was considerably smaller than between the two high-deforestation326

cases. This corresponds to the fact that light to moderate deforestation may not drastically intensify327

dry seasons, while even small-scale reforestation exerts a drought-mitigating effect on cumulative hourly328

rainfall. Overall, these results show that the model captures rainfall sensitivity to vegetation change329

in a manner consistent with known biophysical mechanisms. These results correspond to the fact that330

reduced forest cover intensifies and destabilises rainfall, particularly in the Western Amazon and dry331

frontier zones, while reforestation moderates these effects, disproportionately impacting extreme rainfall332

events.333

2.2.1 Rainfall sensitivity varies strongly across vegetation properties and regions334

To quantify how strongly rainfall responds to different vegetation properties, we identify the smallest335

changes in each vegetation variable required to produce a measurable shift in predicted precipitation.336

To do this, we apply Projected Gradient Descent (PGD) that incrementally adjusts vegetation variables337

within physically plausible bounds, stopping once rainfall intensity or the spatial extent of rainfall changes338

beyond a predefined threshold of PAF (see Methods). By repeating this process across the domain, and339

with perturbations restricted to deforestation hotspots or unrestricted, we map where rainfall is most340

sensitive to vegetation change and which vegetation variables exert the strongest control.341
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Figure 5: (a) PGD-derived vegetation sensitivity maps showing the mean perturbation required to
elicit a significant change in predicted precipitation across six vegetation variables (LAI-low, LAI-high,
surface roughness, soil water, albedo, and evaporation). These perturbations are restricted to non-
hotspot zones. (b) Equivalent vegetation sensitivity maps with perturbations constrained to historical
deforestation hotspots. White regions indicate high sensitivity (i.e., minimal change needed to affect pre-
cipitation). Vegetation perturbations are shown in physical units. For reference, climatological ranges
over the study region are: high-vegetation LAI (0–7.09), low-vegetation LAI (0–3.61), surface roughness
(2.4×10−5–1.98), soil water (0–0.59), albedo (0.011–0.133), and evaporation (-1.0×10−3–5.6×10−5). (c)
Mean change in predicted hourly precipitation across the Amazon resulting from minimum vegetation
perturbations (aggregated across variables). Positive values (darker regions) indicate precipitation loss.
Major river channels (Amazon and tributaries) are overlaid to aid interpretation. (d) Monthly evo-
lution of PAF under a hypothetical worst-case vegetation perturbation scenario. Vegetation variables
are incrementally perturbed in the locally most rainfall-sensitive directions identified in the anlaysis,
representing a stress-test. While vegetation perturbations remain relatively stable across months, the
model’s PAF sensitivity increases markedly after month 2, with a sharp rise after month 3. This suggests
that the model becomes progressively more responsive to vegetation changes over time, with delayed but
amplified hydrological impacts. The PGD procedure, stopped only upon reaching a target precipitation
or PAF shift, thus reveals a latent, cumulative sensitivity in the model’s rainfall dynamics that emerges
after sustained vegetation perturbation.
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In Figure 5 (a, b) we see that LAI exhibited the highest average change under PGD, with non-342

localised effects appearing in peripheral rainforest zones. This suggests that forest canopy structures343

influence the model’s predicted rainfall both locally and indirectly, possibly through delayed transpiration344

feedbacks. Surface roughness elicited rainfall sensitivity in ring-shaped bands around deforestation cores,345

with the highest rainfall responses observed in transitional zones. This supports the idea that rainfall346

reacts more strongly to spatial gradients (edge effects) than to absolute roughness values. Soil water347

content responded most predictably and locally to vegetation perturbation. The model’s predictions348

of rainfall sensitivity to soil moisture in the early months is consistent with its known role as a fast349

responder to vegetation loss via reduced infiltration (Sanchez-Martinez et al., 2025). Albedo had context-350

dependent impacts (Doughty et al., 2012). Sensitivity to albedo was concentrated over aquatic regions351

under hotspot-constrained perturbations and in arid zones under uniform perturbations, implying that352

the model has implicitly learned conditional relationships between surface type and rainfall response.353

Evaporation, as expected, had the most direct and intense effect on precipitation, with its influence354

extending well beyond hotspot regions and persisting across all PGD directions.355

2.2.2 Vegetation-rainfall tipping point emerges under three months of sustained vegeta-356

tion perturbation357

To test whether rainfall responds smoothly or exhibits threshold-like behaviour, we examine the tempo-358

ral evolution of rainfall sensitivity under sustained vegetation perturbations applied in the most rainfall-359

sensitive directions. Vegetation variables are incrementally perturbed in a consistent, worst-case config-360

uration identified by the sensitivity analysis. By tracking how the minimum perturbation required to361

alter rainfall, together with changes in rainfall intensity and PAF, evolves over successive months, we362

assess whether rainfall responses accumulate gradually or emerge abruptly after sustained forcing (see363

Methods).364

The vegetation sensitivity experiments show that the model’s predicted rainfall response to sustained365

vegetation perturbations is nonlinear and cumulative. PAF remains largely unchanged during early366

perturbation stages but increases markedly after Month 3, suggesting that sustained vegetation forcing367

leads to an abrupt contraction in the spatial extent of predicted rainfall (Figure 5). This behaviour reflects368

the model’s learned response to persistent vegetation stress. These results align with ecohydrological369

theory, which predicts abrupt shifts in rainfall once biospheric limits are exceeded (Flores et al., 2024).370

They also reinforce the notion that tipping points in vegetation-rainfall coupling are regionally contingent,371

particularly in the Western and Northeastern Amazon, where many changes were spatially concentrated,372

as seen in Figure 4 (c).373

3 Discussion and Conclusion374

Our results correspond to the fact that deforestation leads to a net reduction in rainfall across the Amazon375

Basin, with pronounced spatial heterogeneity such that drying outweighs compensatory increases at the376

basin scale. The north-western Amazon emerges as the most sensitive region, as predicted by our377

model, with precipitation reductions reaching up to 11.76 mm h−1 and ≈ 3 mm month−1 under high378

deforestation. Localised buffering and partial reversals occur near major aquatic systems, where sustained379

evaporation maintains high latent heat fluxes that partially offset reduced transpiration. Evaporation380

from rivers and lakes sustains boundary-layer humidity and convection, mitigating rainfall losses in381

adjacent deforested areas, consistent with process-based studies (Lejeune et al., 2014).382

These spatial responses align with previous findings identifying the north-western Amazon as strongly383

dependent on moisture recycling, exhibiting resistance to moderate rainfall decline but heightened vul-384

nerability once critical thresholds are exceeded (Nian et al., 2024). Rainfall impacts extend beyond385

deforested regions into downwind areas, reflecting altered moisture transport and mesoscale circulation386

that propagate anomalies across the basin (Smith et al., 2023). In our simulations, these redistributions387

decrease rainfall entropy by shifting rainfall away from the north-western Amazon while enhancing pre-388

cipitation in parts of the south and north-eastern coast, with the largest reductions occurring downwind389

of deforestation hotspots, consistent with earlier modelling studies (Qin et al., 2025; Avissar et al., 2011).390

Under deforestation, increased rainfall heterogeneity is accompanied by systematic dry-season intensi-391

fication, consistent with evidence that climate variability over tropical land is increasingly dominated392

by seasonal asymmetry, with dry seasons becoming drier and more persistent (Konapala et al., 2020).393

Reforestation scenarios produce the largest increases in rainfall entropy relative to the no-deforestation394

baseline; however this may be attributed to the model being trained on observational data dominated395
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by progressive forest loss, perturbations toward regrowth may lie outside the learned dynamical regime,396

leading to broader rainfall distributions and increased predictive uncertainty.397

When aggregated over time, the magnitude of rainfall change predicted by the model is broadly con-398

sistent with existing observational and modelling evidence (Esquivel-Muelbert et al.; Qin et al., 2025;399

Zemp et al., 2017b). Across deforestation scenarios, we observe systematic dry-season rainfall declines400

that intensify with increasing forest loss, alongside localised increases under mild regrowth. For exam-401

ple, dry-season rainfall decreases reach −3.14 mm month−1 at 1.5% forest loss, −2.56 mm month−1
402

at 1.0%, and −0.36 mm month−1 under moderate deforestation (0.27–0.38%), with a local increase of403

+1.1 mm month−1 under 0.1% reforestation. These spatially coherent responses are consistent with re-404

gional drying patterns associated with altered moisture recycling and mesoscale circulation, as reported405

in process-based studies (Qin et al., 2025). Similarly, under business-as-usual (moderate) deforestation406

scenarios, we find dry-season rainfall reductions of 0.19–0.21% after a single year, comparable in scale407

to multi-decadal declines inferred in longer-term projections (Zemp et al., 2017b). While direct ex-408

trapolation across timescales should be treated cautiously, the agreement in magnitude indicates that409

short-timescale vegetation-atmosphere sensitivities captured by the model plausibly accumulate into410

longer-term rainfall change. Resolving these effects at hourly resolution enables detection of early re-411

distribution and nonlinear organisation of rainfall that would be obscured by analyses based solely on412

monthly or seasonal averages, allowing short-term precursors to longer-term shifts to be identified.413

Rainfall sensitivity, as predicted by the model, is strongest at the peripheries of deforestation hotspots,414

where albedo, surface roughness, and high-vegetation LAI exert the dominant influence, while low-415

vegetation LAI produces an opposing effect. This spatial structure reflects a separation between circulation-416

driven responses associated with sharp surface contrasts and evapotranspiration-driven local controls,417

consistent with previous studies (Qin et al., 2025; Konapala et al., 2020; Zemp et al., 2017b). Increased418

seasonal variability in rainfall under deforestation has been linked to land-surface radiative effects, par-419

ticularly changes in surface albedo that modify net radiation and boundary-layer stability (Berbet and420

Costa, 2003), consistent with our finding that rainfall is especially sensitive to albedo perturbations421

around hotspot edges. At these boundaries, abrupt contrasts in albedo and roughness generate strong422

surface heterogeneities that promote small-scale circulations and focused low-level convergence, ampli-423

fying rainfall sensitivity. Away from hotspot edges, where surface contrasts weaken, rainfall sensitivity424

is instead governed by vegetation-driven moisture supply. In these regions, LAI regulates canopy tran-425

spiration and boundary-layer humidity, shaping the thermodynamic conditions for convection: high LAI426

supports moisture recycling, whereas reduced LAI limits atmospheric moisture availability and increases427

susceptibility to rainfall suppression. While these mechanisms are well established in process-based428

modelling, here they emerge from an interpretable neural framework with explicit temporal ordering at429

hourly scales. Sensitivity decomposition identifies evaporation as the dominant short-timescale control430

on rainfall, followed by soil moisture, surface roughness, albedo, and LAI. This hierarchy is consistent431

with ecohydrological theory and, to our knowledge, has not previously been extracted from neural rainfall432

models. Beyond changes in mean rainfall, sustained vegetation perturbations nonlinearly redistribute the433

rainfall intensity spectrum. Under moderate deforestation, heavy rainfall (20–50 mm h−1) predictions434

declines by up to 7%, while light rainfall (0–1 mm h−1) predictions increases by up to 4%, indicating a435

structural reorganisation of rainfall. Reforestation produces an asymmetric response, disproportionately436

enhancing extreme rainfall predictions while inducing comparatively small changes in mean precipita-437

tion prediction, consistent with short-timescale hysteresis in vegetation-rainfall coupling (Staal et al.,438

2020). Such distributional responses have not, to our knowledge, been systematically quantified at439

hourly timescales in deforestation-rainfall studies.440

A growing body of work suggests that Amazonian rainfall may exhibit tipping behaviour under441

sustained deforestation, with proposed thresholds ranging from ∼20% forest loss to basin-scale transitions442

when 30–50% of the forest is degraded, typically inferred from seasonal or climatological aggregates (Zemp443

et al., 2017a; Boers et al., 2017; Staal et al., 2020; Nian et al., 2024). By resolving rainfall responses444

at hourly timescales, our analysis provides a complementary perspective on how nonlinear behaviour445

may emerge. We find that when vegetation variables are persistently perturbed in the most sensitive446

regions and directions, the precipitating area fraction remains stable before undergoing an abrupt decline447

after approximately 2–3 months, as predicted by the model. This response corresponds to stress-induced448

reorganisation of vegetation–atmosphere coupling, demonstrated here through a short-timescale stress449

test rather than long-term land-cover change. Importantly, this behaviour should not be interpreted as450

evidence of a formal climatic tipping point. It indicates that rainfall predictions can reorganise rapidly451

once critical stress is sustained, potentially serving as an early manifestation of threshold-like behaviour.452

We note that model predictive skill was sufficient to support meaningful attribution. Previous deep-453
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learning nowcasting systems achieve high skill at low rainfall thresholds but degrade rapidly for heavier454

precipitation. DGMR (Ravuri et al., 2021) reports CSI values of approximately 0.5 at 1 mm h−1, falling455

below 0.2 at 4–8 mm h−1, while MetNet-2 (Espeholt et al., 2022) reports CSI values of 0.45 at 2 mm h−1,456

0.20 at 8 mm h−1, and 0.15 at 20 mm h−1. Our MultiTask ConvLSTM attains comparable skill at low457

intensities (CSI = 0.49 at 1 mm h−1) and improved performance at higher thresholds (CSI = 0.24, 0.30,458

and 0.39 at 2, 8, and 20 mm h−1, respectively), with corresponding F1 scores of 0.69, 0.62, and 0.45. Skill459

remains lowest at intermediate intensities, consistent with the intermittent nature of convective rainfall.460

While a trade-off between predictive accuracy and interpretability is a recognised limitation in machine461

learning (D. et al., 2020; Lovo et al., 2025), we achieve interpretability of the model through targeted462

ablation experiments, gradient-based sensitivity analysis, and weight decomposition, allowing verification463

that learned dependency structures are consistent with established land-atmosphere mechanisms. The464

model functions as an interpretable experimental tool, enabling vegetation-driven rainfall sensitivities to465

be analysed at convective timescales not accessible in most existing frameworks.466

3.1 Limitations467

While the MultiTask ConvLSTM demonstrated strong predictive accuracy and interpretability, several468

limitations constrain the generalisability and strength of our conclusions. The model was trained on only469

1.5 years of hourly data, limiting exposure to interannual variability and long-timescale land-atmosphere470

interactions. As a result, slow-varying climatic drivers and delayed feedbacks may be underrepresented471

in the learned dynamics. Although performance remained robust across two independent test periods,472

including during extreme drought conditions, relationships learned over this limited temporal window473

may not fully generalise to longer-term climate regimes. In addition, ERA5-Land reanalysis integrates474

heterogeneous observational sources within a constrained assimilation framework, which may underrepre-475

sent uncertainty in remote or densely vegetated regions such as the central Amazon. These uncertainties476

propagate into the model and may affect inference fidelity. The spatially fixed grid and regional training477

domain further restricted the model’s capacity to account for external climatic drivers. Teleconnections478

such as the El Niño-Southern Oscillation Cycle or Atlantic Multidecadal Oscillation Cycle were excluded,479

limiting applicability to broader climate shifts. Moreover, the unified ConvLSTM processing of vegeta-480

tion and atmospheric inputs introduces spatial and temporal smoothing, reducing sensitivity to sharp481

gradients or regime transitions. This is consistent with the observed degradation in performance for482

intermediate rainfall intensities, where precipitation is fragmented, short-lived, and highly sensitive to483

small-scale triggering processes. As a result, the model performs best at the extremes of the rainfall484

distribution and less reliably within the transitional “belly” regime.485

Our counterfactual scenarios, gradient-based analyses, and interventional ablations should be inter-486

preted cautiously. These experiments probe vegetation-rainfall coupling within the model but simulate487

hypotheses rather than physical climate futures, as all perturbations operate through internal learned488

representations. Interventional ablations may introduce both visible and hidden confounding, for exam-489

ple through correlations between vegetation variables such as LAI and soil moisture, or through latent490

features embedded within the network, which can create spurious associations or mask true causal path-491

ways. Deep neural networks are known to exploit shortcut correlations and embedded priors (Lapuschkin492

et al., 2019; Zhou et al., 2022), and Earth system dynamics themselves can generate non-identifiable or493

spurious causal structures (Runge et al., 2019; Pearl, 2009). Weight decomposition, visualisation, and494

saliency analyses (Supplementary Notes S2-S3) therefore illustrate model sensitivities but cannot guar-495

antee causal correctness, and may reflect Clever Hans artefacts (Lapuschkin et al., 2019). To mitigate496

this, we combined PGD perturbations with spatial fidelity metrics (CSI and CRPS) to distinguish rep-497

resentational saliency from predictive impact; for example, variables that appear salient but produce498

no effect under PGD would indicate representational confounding. We did not observe such inconsis-499

tencies, nor did causal graph discovery using the PC algorithm identify explicit confounders linking500

vegetation and precipitation. However, the absence of detected confounders should not be interpreted501

as evidence that confounding is negligible, but rather as a consequence of the limited temporal span of502

the training data, which restricts the ability to resolve slow-varying or externally driven confounders.503

Consequently, although ablation and sensitivity analyses consistently support an indirect vegetation-504

atmosphere-precipitation pathway within the model, these results do not satisfy the formal conditions505

of the front-door criterion. They only indicate that the model has internalised a mechanistic structure506

consistent with established ecohydrological mechanisms. More generally, Earth system modelling is fun-507

damentally underdetermined, and multiple causal structures can explain observed time series equally508

well (Runge et al., 2019). Robust causal inference would require explicit structural priors, longer obser-509
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vational records, or experimental validation, which remain beyond the scope of this study. Accordingly,510

our causal analyses should be viewed as hypothesis-generating rather than definitive ecological or policy511

conclusions.512

Finally, the sensitivity analysis framework assumed independence among vegetation variables, ne-513

glecting their ecological coevolution, for example, between LAI, albedo, and roughness, which may bias514

estimated sensitivities. More sophisticated joint perturbations or structural causal models would be515

required to disentangle these interactions.516

Despite these limitations, the model consistently identified plausible spatial and temporal precipita-517

tion responses to vegetation loss, supporting machine learning as a valuable tool for generating ecohydro-518

logical hypotheses. Future work should extend training to longer climate records, incorporate global-scale519

drivers, and validate inferred sensitivities with satellite or field observations.520

3.2 Policy implications521

Our results indicate that Amazonian rainfall organisation can exhibit tipping-like responses to sustained522

vegetation degradation on timescales of months, as predicted by our model, with direct implications523

for land-use monitoring and policy. These findings emphasise the need to move beyond aggregate de-524

forestation metrics towards short-term, spatially targeted assessment of rainfall sensitivity to specific525

land-surface characteristics.526

We show that rainfall sensitivity is observed to depend on distinct vegetation and surface properties,527

with particularly strong responses to changes in radiative balance, such as surface albedo, around defor-528

estation boundaries. As deforestation progresses, the set of land-surface characteristics to which rainfall529

is observed to be the most sensitive evolves, reflecting the weakening of biological moisture recycling530

and increasing dominance of surface energy controls. From a policy perspective, understanding how531

rainfall sensitivity shifts across vegetation characteristics can inform reforestation and land-management532

strategies that target canopy recovery, and also the surface properties most relevant for stabilising rain-533

fall. Interventions that restore or manage vegetation in ways aligned with these sensitivities may help534

promote smoother rainfall recovery and reduce the risk of asymmetric or unpredictable hydrological535

responses during regrowth.536

More broadly, these results demonstrate how interpretable, data-driven models can complement537

process-based climate models by identifying short-term vulnerability pathways and early-warning sig-538

nals in the land-atmosphere system. Translating such sensitivity-informed diagnostics into policy will539

require integration with longer observational records, mechanistic modelling, and empirical validation,540

but it offers a pathway toward more responsive and risk-aware land-use governance.541

4 Materials and Methods542

4.1 Dataset and preprocessing543

We used ERA5-Land hourly reanalysis data on single levels from the Copernicus Climate Data Store544

(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels, last access: 24 May545

2026), covering the period from 1 January 2021 to 30 September 2024 (32,832 hours, 257,961,024 indi-546

vidual grid points). Data were extracted over the central Amazon Basin (latitude: 5°N to 15°S, longitude:547

75°W to 50°W) at approximately 0.25° spatial resolution, yielding an 81 × 97 grid. The precipitation548

data exhibited a highly imbalanced distribution, with most values concentrated around 0 mm h−1 and549

extreme values reaching up to 45 mm h−1. The training, validation, and test sets maintained similar his-550

togram distributions, although minor spatial discrepancies were observed, most notably, reduced rainfall551

in Venezuelan cities in the northern subregion of the validation set. The mean precipitation value across552

the dataset was 0.24 mm h−1, with a standard deviation of 0.71 mm h−1.553

Thirteen variables were selected based on their relevance to land-atmosphere coupling and deforesta-554

tion dynamics. Surface Fluxes (Ft−1) included: surface latent heat flux, evaporation. Large-Scale and555

Near-Surface Thermodynamic Variables (Tt−1) included: 2m air temperature, 2m dew point temper-556

ature, 10m u- and v-wind components, and total column rainwater, all of which influence convection,557

humidity, and moisture transport. These latter two groups are generalised as atmospheric mediators558

(At−1) within this study. Vegetation and Land Surface Variables (Vt−1) related inputs comprised high559

and low LAI, surface roughness, surface albedo, and top-layer soil moisture (0–7 cm depth), serving as560

proxies for forest cover and degradation (Miller, 2013; Hou et al., 2023; Dirmeyer and Shukla, 1994; Gi-561

ambelluca et al., 1997; Berbet and Costa, 2003; Mgelwa et al., 2024; Winckler et al., 2019). Precipitation562

18

https://doi.org/10.5194/egusphere-2026-2979
Preprint. Discussion started: 6 July 2026
c© Author(s) 2026. CC BY 4.0 License.



at the previous hour also served as an input (Pt−1). The prediction target was hourly total precipitation563

(Pt) at each grid cell.564

All variables were standardised using z-score or log normalisation depending on distribution skew,565

with statistics computed from the training set only. This was done to handle data imbalance without566

increasing computational complexity. At each timestep, the model received a tensor of shape [(T =567

1), H,W,C], where C = 14 corresponds to the input channels across spatial dimensions H × W . An568

extra binary input channel was added to aid with precipitation classification.569

4.2 MultiTask ConvLSTM for rainfall prediction570

4.2.1 Model formulation571

The architecture consists of a three-layer ConvLSTM encoder (for more details please see Supplementary572

Text, Supplementary Note 1), followed by a Conv3D layer that refines the shared spatiotemporal features,573

and two task-specific output heads: (i) a multi-layer perceptron (MLP) regression head for rainfall574

intensity, and (ii) a Conv3D classification head for rainfall occurrence. The network simultaneously575

learns spatially coherent rainfall/no-rain patterns and intensity distributions. The classification head576

uses binary cross-entropy loss. The regression head uses mean squared error as its loss function. The577

two are combined to form a compound loss function that is backpropagated during training. Since578

rainfall prediction is strongly imbalanced, with nearly half of all grid-point hours containing no rain579

(0 mm h−1), pure regression losses performed poorly in this setting, since the model can minimise580

error by overpredicting dry states and underestimating rare but important rainfall events. Our multi-581

task formation explicitly teaches the model to capture dry-to-wet transitions while still learning rainfall582

magnitude. Alternative imbalance-mitigation methods were tested, but this joint formulation proved583

most effective, particularly for light and extreme rainfall tails (for more details, please see Supplementary584

Text, Supplementary Note 2).585

Given an input tensor Xt ∈ R(T=1)×C×H×W , C is the number of input channels , and H ×W is the586

spatial resolution, the model outputs two predictions per grid cell:587

• ŷregt ∈ RH×W : rainfall intensity (mm h−1),588

• ŷclst ∈ [0, 1]H×W : probability that rainfall is absent.589

The MultiTask ConvLSTM has two output heads for rainfall classification and regression formulated590

as follows:591

ŷclst = Conv3D(Ht)

ŷregt = MLP(Ht)

For the regression head, a multi-layer perceptron (MLP) maps the 64-channel latent representation to592

a single precipitation intensity per grid cell. This dimensionality reduction forces the model to compress593

high-level spatiotemporal features into a scalar hydrological output through flexible nonlinear mappings.594

For the classification head, a second Conv3D layer is used instead of an MLP. Rainfall occurrence is595

spatially coherent, so convolution at the output stage enforces spatial consistency and suppresses isolated596

false positives in dry regions (for architecture details, please see Supplementary Text, Figure S1).597

Rainfall predictions are masked at inference time to reduce false positives in dry zones:598

ŷt,ij =

{
0 if ŷclst,ij > 0.6 and ŷregt,ij < 0.1

ŷregt,ij otherwise

We defined rainfall as present when intensity ≥ 0.1 mm h−1:599

yclst,ij = ⊮[yregt,ij < 0.1]

The total loss balances regression and classification objectives:600

Ltotal =
1

2
(Lreg + Lcls)
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601

Lreg =
1

HW

∑

i,j

(yregt,ij − ŷregt,ij)
2

Lcls =
1

HW

∑

i,j

[
yclst,ij log ŷ

cls
t,ij + (1− yclst,ij) log(1− ŷclst,ij)

]

4.2.2 Hyperparameter selection and training protocol602

The MultiTask ConvLSTM consists of a shared 3-layer encoder followed by a 3D convolutional layer603

and two task-specific heads: a Conv3D layer for rainfall occurrence classification and a 3-layer MLP604

for rainfall intensity regression. Training used a composite loss combining classification and regression605

terms (Section 4.2.1). Hyperparameters were tuned using a validation dataset spanning 2023 data. As606

preprocessing, log-normalisation of input rainfall with offset 1 and MSE as a loss function were selected607

as they yielded superior performance for low-intensity rainfall (see Supplementary Text, Supplementary608

Note 2). Final hidden dimensions (32, 64) and kernel size (3×3) provided the best balance of stability609

and capacity (see Supplementary Text, Supplementary Note 2). Weight distributions across ConvLSTM,610

batch normalization, and output layers are provided in Supplementary Text, Figure S2, confirming well-611

regularized training.612

4.2.3 Evaluation protocol613

Model evaluation was conducted on two independent test periods: 24 May-31 December 2023 and 1614

January-30 September 2024, the latter representing an anomalously dry season. The former was also615

used for counterfactual testing.616

Metrics were selected by an extensive literature review on precipitation nowcasting (Duku and Hein,617

2023; Shi et al., 2015; L. et al., 2024; Du and Guo, 2024; L et al., 2024; Caseri et al., 2022; Moishin et al.,618

2021; Lu et al., 2025; Espeholt et al., 2022; Sønderby et al., 2020; Ravuri et al., 2021), chosen to capture619

a balance of error magnitude, forecast fidelity, temporal correlation, and spatial pattern accuracy.620

For rainfall regression, we used Mean Squared Error (MSE) to quantify average prediction error,621

and Nash-Sutcliffe Efficiency (NSE) to assess forecast fidelity relative to observed variance. Pearson,622

Spearman, and Kendall correlations were used to capture linear, monotonic, and rank-based temporal623

agreement, respectively. The Continuous Ranked Probability Score (CRPS) evaluates probabilistic fore-624

casts, asking whether predicted rainfall distributions are both accurate and sharp, which is critical in625

weather prediction. For rainfall occurrence classification, we used accuracy, F1 score to balance precision626

and recall, and ROC-AUC to assess threshold-independent separability. A threshold of 0.1 mm h−1
627

was used to binarise rainfall. The Critical Success Index (CSI) specifically measures how often rainfall628

was correctly detected when compared against misses and false alarms, and does so at different rainfall629

intensities, making it especially useful for assessing performance on light, moderate, and extreme events.630

Metrics were computed at hourly resolution and monthly aggregates, with regression scores averaged631

across all grid cells unless otherwise specified.632

4.3 Mechanistic and gradient-based attribution633

4.3.1 Mechanistic ablation634

We aimed to test whether the MultiTask ConvLSTM has learned physically consistent, indirect mecha-635

nistic pathways linking vegetation to rainfall, such that perturbations to vegetation propagate through636

atmospheric mediators.637

To examine how vegetation perturbations are represented within land-atmosphere coupling, we devel-638

oped a mechanistic intercomparison framework linking four process groups: Vegetation (V : LAI, albedo,639

surface roughness, soil water), Surface Fluxes (F : latent heat flux, evaporation), Thermodynamics (T :640

temperature, dewpoint, rainwater, winds), and Precipitation (P ). Precipitation memory from the previ-641

ous hour (Pt−1) was included explicitly to capture persistence effects such as wetting/drying, convective642

cold pools, and canopy stress. Grouping was motivated by physical reasoning: (i) V ↔ F captures the643

bidirectional exchange of water and energy via evapotranspiration and canopy conductance; (ii) F ↔ T644

reflects surface-atmosphere coupling of heat and moisture; and (iii) T → P represents the triggering of645

convection and condensation. Consistent with ecohydrological theory, vegetation is assumed to influence646
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rainfall indirectly through its impact on fluxes and thermodynamic state rather than via a direct path-647

way (Bonan, 2019; Betts, 2004). Based on this framework, our working hypothesis is that vegetation648

influences precipitation primarily through the pathways Vt−1 → (Ft−1, Tt−1) → Pt. We therefore encode649

Tt−1 and Ft−1 as At−1 to represent atmospheric mediators.650

To test whether the trained model relies on these pathways, we conducted a set of intervention-651

like input ablations at test time. Specifically, we retrained the model under three configurations: (1)652

removal of vegetation inputs (Vt−1), (2) removal of autoregressive precipitation (Pt−1), and (3) removal of653

both vegetation and precipitation memory. Performance differences across these configurations indicate654

whether vegetation contributes predictive information beyond precipitation persistence, and whether this655

contribution is expressed through atmospheric variables retained in the model.656

Three configurations were tested: (1) do(Vt−1 = ∅), removing all vegetation inputs; (2) do(Pt−1 = ∅),657

removing autoregressive precipitation; and (3) do(Vt−1 = ∅, Pt−1 = ∅), removing both. If vegetation658

influences rainfall only via atmospheric mediators, then configuration (3) should degrade model perfor-659

mance more strongly than (2), providing evidence that V → F → T → P was learned. These ablations660

probe the internal dependency structure and mechanistic consistency of the trained neural network rather661

than providing formal causal identification of physical effects.662

4.3.2 Causal graph discovery663

To further evaluate whether the dependency structure learned by the model is consistent with the hypoth-664

esised indirect vegetation-atmosphere-precipitation pathway, we applied the PC (Peter-Clark) algorithm665

(Kalisch and Buhlmann, 2007), a constraint-based causal discovery method that infers conditional in-666

dependencies and outputs a Directed Graph (DG). Applied to temporally aligned, spatially aggregated667

data, the PC algorithm supported the hypothesised pathway V → F → T → P , consistent with the668

physical process chain. No additional confounding variables were detected by this algorithm. Constraint-669

based causal discovery can only identify confounders that are present, varying and statistically resolvable670

within the dataset, which may not be detectable in our 1.5-year training period. This indicates that671

within the observed data and model representation, the learned dependence structure is consistent with672

an indirect vegetation-rainfall pathway mediated by atmospheric processes.673

4.3.3 Gradient sensitivity attribution674

To quantify the influence of vegetation on precipitation predictions, we compute the gradient of the loss675

L with respect to vegetation inputs Vt at each timestep:676

gt = ∇Vt
L(f(Xt), yt), gt ∈ RC×H×W

To identify the most influential linear combination of vegetation variables, we apply power iteration677

to extract the dominant direction d(1) ∈ RC that maximises the directional gradient norm:678

d(1) = arg max
∥d∥=1

∥∥∥∥∥∥
∑

i,j

gt[:, i, j]
⊤d

∥∥∥∥∥∥

2

This direction captures the vegetation variable combination with the greatest average gradient influ-679

ence across space.680

For further decomposition, we reshape gt into a matrix G ∈ RC×(H·W ) and compute its SVD:681

G = UΣV ⊤

The left singular vectors U represent orthogonal directions of vegetation sensitivity, and their singular682

values Σ indicate relative importance. Temporal averaging of the top vectors across t reveals patterns683

such as early dominance of evaporation and delayed influence of LAI and albedo. This gradient-based684

analysis identifies interpretable pathways of model sensitivity, supporting the presence of temporally685

staggered vegetation-precipitation couplings.686

4.4 Counterfactual scenario generation687

4.4.1 Hotspot-based perturbation688

To produce a hypothetical of how deforestation spreads across the Amazon, we first identify hotspots,689

defined as areas where forest loss is most intense in recent years. Around these hotspots, we gradually690
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Table 4: Deforestation scenario parameters and estimated LAI change.

Scenarios Perturbation
Rate ρ

Decay Spread
σ

Estimated
Forest Cover
Change (%)

Scenario 1: Heavy Diffuse
Deforestation

−0.00014 2.0 −1.51

Scenario 2: Heavy Localised
Deforestation

−0.00014 1.0 −1.00

Scenario 3: Moderate Defor-
estation

−0.000014 2.0 −0.38

Scenario 4: Low Deforesta-
tion

−0.000010 2.0 −0.27

Scenario 5: Mild Regrowth +0.000004 2.0 +0.10

perturb vegetation variables representing forest cover, so that the total vegetation loss matches realistic691

annual forest-decline rates. In this way, we can create counterfactual scenarios that ask: how would692

rainfall have changed if deforestation had been faster, slower, or spatially more concentrated?693

Deforestation hotspots were extracted from the Hansen Global Forest Change v1.11 dataset via694

Google Earth Engine (https://earthenginepartners.appspot.com/science-2013-global-forest, last access:695

24 May 2026). Pixels with 2023 forest loss (loss band = 23) were filtered using a minimum year-2000 tree696

cover threshold and clipped to the study region. The resulting raster was converted into a grid of hotspot697

centroids. To identify vegetation decline, we applied the non-parametric Mann-Kendall (MK) trend test698

to 2023 LAI time series, after first detrending with polynomial regression to remove global signals. The699

significance level was set at α = 0.05. Grid cells with test statistics corresponding to p < 0.05 were700

classified as deforestation zones. A one-tailed test was used to assess negative trends only. Grid cells701

exhibiting significant negative trends were classified as deforestation zones. The MK test was chosen as702

it is distribution-free, robust to non-normality, and widely used for monotonic trend detection.703

A spatially decaying Gaussian mask was then applied:704

Mij = exp

(
−

d2ij
2σ2

)

Here, dij is the Euclidean distance from grid cell (i, j) to the nearest hotspot and σ controls the705

spatial decay. The clipped mask ranged from 0.0 to 1.0.706

Vegetation was perturbed as:707

Ṽij(t) = Vij(t) + ρ · t ·Mij

Where ρ is the perturbation rate and t is the number of elapsed hours. This approach simulates708

spatially localised deforestation radiating from roads or degraded areas.709

To compute ρ, we solved:710

δglobal · L0 = ρ · t ·
(
f ·Mhotspot + (1− f) ·Mnon-hotspot

)

Where δglobal is the target LAI loss, L0 the original mean LAI, and f the hotspot area fraction.711

Other vegetation variables (albedo, roughness, soil water, evaporation) were perturbed using their712

respective climatological statistics, scaled by the same Mij and ρ.713

To explore a range of canopy change scenarios, we constructed five counterfactual deforestation714

experiments, seen in Table 4. These varied both the spatial spread (σ) and the perturbation rate (ρ),715

producing differing magnitudes and spatial patterns of LAI loss. Scenario names summarise the extent716

and intensity of vegetation change.717

4.4.2 Analysis of rainfall prediction changes and hydrological impact718

To evaluate rainfall prediction changes under each counterfactual vegetation scenario, we applied spatial719

and distributional analyses. Grid-wise difference maps and histograms visualised spatial and tempo-720
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ral shifts, while summary statistics (mean, minimum, maximum) quantified aggregate changes across721

the basin. To assess distributional changes beyond mean or variance shifts, we used the two-sample722

Kolmogorov-Smirnov (KS) test, stratified by rainfall intensity bands. This non-parametric test is well-723

suited to the heavy-tailed, non-normal nature of precipitation and measures the maximum gap between724

the cumulative distributions of baseline and perturbed predictions, highlighting structural differences in725

rainfall distributions.726

Formally, the KS statistic is defined as:727

D = sup
x

|F1(x)− F2(x)|

where F1 and F2 are the empirical cumulative distribution functions of the two samples. Statisti-728

cal significance was evaluated using a two-tailed test at α = 0.05, with the critical threshold Dcritical729

computed from the total sample size (n = 41,107,824). KS values exceeding this threshold were con-730

sidered significant. The test was applied separately for each rainfall intensity bin to determine whether731

perturbations induced distributional shifts beyond sampling variability.732

In addition to the KS statistic, we applied three hydrological metrics to evaluate ecological and sea-733

sonal impacts. Relative Entropy (RE) was chosen to capture whether rainfall becomes more seasonally734

concentrated. Dry Season Intensity (DSI) was chosen to quantify ecological stress when evapotranspira-735

tion demand exceeds rainfall supply (Medvigy et al., 2011; Qin et al., 2025; Flores et al., 2024; Zhang736

et al., 2018). PAF was chosen to measure spatial heterogeneity, detecting whether the extent of the737

precipitating area expands or contracts under vegetation perturbations and studies suggest that PAF738

dominates the scaling of coarse-grained daily rainfall extremes (Roca et al., 2020).739

• Relative Entropy (RE) quantifies how strongly rainfall is concentrated in particular months.740

Letting pm = Pm/
∑

j Pj and qm = 1/12 for monthly totals Pm, we define (Pascale et al., 2014):741

RE =
12∑

m=1

pm log2

(
pm
qm

)
.

• Dry Season Intensity (DSI) measures cumulative daily water deficit, using daily rainfall Pd and742

potential evapotranspiration PETd:743

DSI =
∑

d:Pd<PETd

(PETd − Pd),

where PET was estimated using the Penman-Monteith equation. (Malhi et al., 2009; Allen et al.,744

2005; Penman, 1948; Monteith, 1965)745

• PAF quantifies the spatial spread of rainfall:746

PAF =
1

H ·W
∑

i,j

⊮{yij>0.1},

representing the proportion of grid cells with rainfall above 0.1 mm h−1. (Roca et al., 2020)747

All metrics were computed monthly from hourly predictions to capture changes in seasonality, hy-748

drological stress, and spatial distribution.749

4.4.3 Projected gradient descent for sensitivity attribution750

We use Projected Gradient Descent (PGD) to identify the minimum vegetation perturbations required751

to induce significant changes in predicted rainfall. PGD backpropagates prediction error with respect752

to vegetation inputs and iteratively updates them along the steepest gradient direction, subject to eco-753

logically realistic bounds. This yields spatially explicit maps of rainfall sensitivity and identifies the754

vegetation variables to which precipitation is most responsive.755

PGD was applied to six vegetation-related variables: high/low LAI, surface roughness, soil water756

content, albedo, and evaporation.757

PGD was conducted both with and without spatial constraints to historical deforestation hotspots.758

Hotspots were derived from the Hansen Global Forest Change dataset and Mann-Kendall trend analysis759
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on annual LAI, as described in Section 4.4.1. In the hotspot case, a Gaussian decay mask was applied760

to weight perturbations spatially:761

M(x, y) = exp

(
−d2(x, y)

2σ2

)

where d(x, y) is the Euclidean distance to the nearest hotspot and σ = 2. The mask was clipped to762

the range [0.0, 1.0] to maintain locality.763

At each PGD step, vegetation variables were updated as:764

δX = proj[∆vmin,∆vmax] (α ·M · d′)
Here, d′ is the dominant gradient direction (estimated via power iteration; see Section 4.3.3), α =765

0.005 is the learning rate, and δX is the perturbation vector. The dominant direction d′ was computed766

from the loss gradient, capturing the steepest ascent in the vegetation subspace. This vector was averaged767

over 30-day windows to estimate monthly sensitivities. The projection operator enforces physically768

realistic limits on hourly change:769

∆vmax =
vmax − vmin

365 · 24
These per-variable, per-grid bounds were computed from climatological minima and maxima, ensuring770

ecologically plausible perturbations.771

We tracked the mean absolute contribution of each variable to precipitation changes to understand772

which vegetation features most consistently influenced rainfall. This produced sensitivity maps of pre-773

cipitation to each input variable.774

The pretrained MultiTask ConvLSTM model predicted rainfall at each iteration, and PGD steps con-775

tinued until the model exhibited a statistically significant change: either a mean rainfall shift exceeding776

0.1 mm h−1 or a change in PAF above 5%. In convective systems like the Amazon, rainfall may shift777

spatially without major intensity change; hence, PAF, defined as the fraction of grid cells with rainfall778

> 0.1 mm h−1, captures changes in spatial extent.779

The full PGD objective was formulated as:780

min
δX

L(f(X + δX), y) subject to δX = proj[∆vmin,∆vmax] (α ·M · d′)

where L is the loss function (MSE), f the pretrained ConvLSTM model, X the original vegetation781

input, and y the unperturbed rainfall target. This setup facilitates the quantification of the minimum782

vegetation perturbation required to induce a significant rainfall change.783

Data availability784

All data used in this study are publicly available. ERA5-Land hourly reanalysis data on single levels785

from 1940 to present were obtained from the Copernicus Climate Data Store (https://cds.climate.786

copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels). Forest cover loss data were787

retrieved from the Hansen Global Forest Change v1.11 dataset via Google Earth Engine (https://788

earthenginepartners.appspot.com/science-2013-global-forest).789
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