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Supplementary Figure 1 | Conceptual illustration of disturbance-induced LST anomalies. Schematic showing land surface temperature (LST) 
conditions in disturbed areas and their surrounding forest edges before (left) and after (right) disturbance. Disturbance-induced LST anomaly is 
calculated as the change in LST anomalies between disturbed and edge pixels after disturbance, relative to the pre-disturbance baseline. This 
approach isolates disturbance effects from background climatic variability.



 

Supplementary Figure 2 | Workflow for analyzing the instantaneous LST response to forest disturbance. Flowchart showing the preparation 
of disturbance, Landsat, and environmental datasets, the extraction of variables for disturbed areas and their forest edges (0–100 m, 100–500 m), 
and the calculation of disturbance-induced anomalies (e.g., 𝐿𝑆𝑇௔௡௢௠௔௟௬). The integrated dataset (Dataset 3) was used to quantify immediate post-

disturbance LST responses across Europe through statistical analysis and Random Forest modeling.



 

Supplementary Figure 3 | Random Forest (RF) model training, tuning, and testing workflow. Dataset 3 (instantaneous disturbance-induced 
LST anomalies) was aggregated to a 0.25° × 0.25° spatial resolution across Europe. The dataset was split into two parts: 80% for cross-validation 
(CV) and hyperparameter tuning, and 20% as an independent out-of-box (OOB) testing dataset. Within the CV dataset, repeated 10-fold splits (90% 
training, 10% testing) were used to train the RF model, iterating across a hyperparameter search grid. For each fold, model predictions were compared 
with observed values, and R² and RMSE were recorded. The best-performing hyperparameters were selected as the final RF model. This final model 
was then evaluated against the OOB testing dataset to ensure robust performance and generalization.



 

Supplementary Figure 4 | Workflow for analyzing post-disturbance LST recovery. Flowchart showing 
the preparation of disturbance and LST datasets, extraction of variables for disturbed areas and their forest 
edges, and calculation of recovery trajectories. Disturbances detected in 2014 were tracked annually from 
2015 to 2024, with LST anomalies computed relative to the pre-disturbance baseline in 2013. The resulting 
integrated dataset (Dataset 6) includes disturbance attributes (agent, size, severity), Vegetation related 
variables (forest and leaf type), and was used to quantify recovery rates of disturbance-induced LST 
anomalies through statistical analysis.



 

Supplementary Figure 5 | Disturbance, forest, and environmental attributes underlying spatial and 
agent-specific variability in post-disturbance LST responses across Europe. Panels (a)–(e) summarize 
the relationships between disturbance agent (bark beetle, fire, harvest) and disturbance size (a), severity (b, 
measured as EVI change), annual frequency (c), elevation (d), and slope (e) for all mapped events. Panel c 
shows time series of yearly event numbers by agent. Panels (f)–(i) explore how landscape and disturbance 
factors interact to shape patch size and severity: (f) disturbance size by elevation bin, (g) disturbance size 
by slope bin, (h) disturbance size by EVI change bin, and (i) EVI change (post–pre) by roughness change - 
VH bin. Patch size is plotted on a logarithmic scale in panels f–h. All boxplots show medians, interquartile 
ranges, and whiskers to 1.5× the interquartile range. Letters above the boxplots denote statistically distinct 
groups based on Kruskal–Wallis tests with post hoc pairwise comparisons (a, b, c, d indicate different 
groups; n.s., *, **, *** indicate P > 0.05, < 0.05, < 0.01, < 0.001). 



 

Supplementary Figure 6 | Spatial patterns of forest disturbance patch size and severity across Europe. 
Panel (a) shows the mean disturbance patch size (hectares) aggregated to a 0.25° × 0.25° grid for all mapped 
events, revealing a gradient from smaller disturbances in southern and central Europe to larger events in the 
north and east. Panel (b) maps the distribution of EVI change-based disturbance severity (post–pre), with 
darker red hues indicating stronger canopy loss and thus higher severity. 



 

Supplementary Figure 7 | Performance of the Random Forest model for predicting disturbance-
induced LST anomalies. Scatterplot comparing predicted versus observed LST anomalies (°C) across the 
independent testing dataset. The red dashed line represents the 1:1 reference line. The model achieved an 
R² of 0.67 and a root mean square error (RMSE) of 0.51, indicating moderate predictive skill. The 
background color scale shows the density of points, with warmer colors representing higher data density.



 

Supplementary Figure 8 | Effects of leaf-type transitions on post-disturbance LST across Europe. (a–
b) Simulated changes in post-disturbance summer LST when dominant forest type is hypothetically 
converted from needleleaf → broadleaf (a) or broadleaf → needleleaf (b). Cooler (blue) and warmer (red) 
colors indicate reductions or increases, respectively, in LST anomalies of disturbed pixels relative to their 
100–500 m adjacent undisturbed forest edges. Broadleaf replacement produces modest but spatially 
consistent cooling, strongest in Northern Europe, whereas the reverse transition yields weak and spatially 
heterogeneous warming. (c) Boxplots summarizing Europe-wide LST responses to leaf-type swaps. All 
simulations are derived from the random forest model trained on environmental, disturbance, and forest 
attributes aggregated at 0.25° × 0.25° spatial resolution. LST responses reflect predicted changes in post-
disturbance thermal anomalies, defined as the difference between disturbed pixels and their adjacent 
undisturbed forest edges.



 

Supplementary Figure 9 | Current and potential future post-disturbance LST under expanded 
disturbance-agent ranges across Europe. Panel (a), Panel (b), and Panel (c) show the current post-
disturbance summer LST anomalies for insect-, fire-, and harvest-driven disturbances, expressed as the 
difference between disturbed pixels and their adjacent undisturbed 100–500 m forest edges. Warm colors 
indicate stronger post-disturbance warming. Panel (d), Panel (e), and Panel (f) present simulated LST 
anomalies under a disturbance-expansion scenario in which each agent is allowed to occur across all 
forested regions (rather than being restricted to its contemporary ecological domain). These simulations use 
the random forest model trained on 0.25° × 0.25° aggregated environmental, forest, and disturbance 
attributes. Results show that expanding the geographic footprint of insect and fire disturbances shifts strong 
warming into regions that currently experience few such events, particularly northern and eastern Europe, 
while the widespread nature of harvest disturbances leads to comparatively similar warming patterns 
between current and expanded scenarios.



How historical-future patch-size evolution shape post-disturbance surface warming 

We quantified historical changes in disturbance patch size across Europe by comparing the mean patch size 
within each 0.25° grid cell between 1989–1993 and 2019–2023 (Supplementary figure 10a–c). Assuming 
that these multi-decadal trends persist into the 2050s, we scaled pixel-level disturbance size accordingly 
and predicted the resulting LST response using the trained RF model. The model suggests that LST 
anomalies associated with insect outbreaks and fires are relatively insensitive to further size changes, likely 
because these disturbances already occur as large patches in many regions (Supplementary figure 5a, 
Supplementary figure 10d, e, Figure 3f). In contrast, harvesting disturbances show a stronger sensitivity 
to patch-size variation, with cooling under reduced patch sizes and additional warming under expanded 
patch sizes, consistent with the size-response patterns identified above. Importantly, harvesting activity has 
also intensified, with disturbance frequency increasing by ~1.5× over the past three decades and remaining 
substantially higher than that of the other two agents (Supplementary figure 5c). If these trends persist, 
the combined influence of increasingly frequent, larger, and more severe harvest disturbances could make 
forest management a disproportionately important driver of future local summertime surface warming 
across Europe. 

 

Supplementary figure 10 | Past-to-present shifts in disturbance size and their projected impact on 
post-disturbance LST across Europe. Panel (a), Panel (b), and Panel (c) show the relative change in mean 
disturbance patch size between 1989–1993 and 2019–2023 for insect outbreaks, fire, and harvesting, 



aggregated to a 0.25° × 0.25° latitude–longitude grid. Red hues indicate an expansion of disturbance size, 
whereas blue hues indicate a contraction. Panel (d), Panel (e), and Panel (f) present the corresponding 
simulated changes in post-disturbance summer LST, expressed as the difference between future (2049–
2053) and current (2019–2023) conditions, assuming that the past 30-year trend in patch-size change 
continues into the future. LST anomalies represent the difference between disturbed pixels and their 
adjacent undisturbed 100–500 m forest edges. Red areas denote enhanced future warming relative to today, 
while blue areas indicate reduced warming. Simulations are derived from the random forest model trained 
on environmental, disturbance, and forest structural attributes. 

  



Tables 

Supplementary table 1 | Random Forest model variables, definitions, and units 

Category Variable Definition Unit / Type 

Response variable LST anomaly 

Summer LST difference between 
disturbed pixels and 100–500 m 

forest edges, before vs. after 
disturbance 

°C 

Disturbance 
characteristics 

Disturbance size 
Area of contiguous disturbed pixels 

within a year 

ha (derived 
from 30 m 

pixels) 

 
Vegetation-index 

severity (EVI 
change) 

Change in vegetation indices from 
pre- to post-disturbance; larger 

magnitude = stronger canopy loss 
Unitless 

 SAR roughness 
change (VV, VH) 

Change in local standard deviation of 
Sentinel-1 backscatter in 5×5 kernel 
(post – pre disturbance) capturing 

structural disruption 

dB 

 Disturbance agent Fire / wind–insect / harvest Categorical 
Forest structure 
and composition 

Forest type 
Primary / naturally regenerating / 

plantation 
Categorical 

 Leaf type Broadleaf / needleleaf Categorical 
Vegetation state 

before disturbance 
EVI 

Mean pre-disturbance vegetation 
index values 

Unitless 

Surface structure 
before disturbance 

Roughness_VV, 
Roughness_VH 

Local standard deviation of Sentinel-
1 backscatter in 5×5 kernel 

dB 

Environmental 
predictors 

Elevation Terrain height m 

 Slope Local terrain slope Degrees 
 Sand (%) Sand fraction of soil % 
 Clay (%) Clay fraction of soil % 

 Latitude / Longitude 
Geographic coordinates of 0.25° 

gridcell centroid 
Degrees 

Climate variables Incoming radiation Mean shortwave incoming radiation W m⁻² 

 Near-surface (2m) 
air temperature 

Mean summer air temperature at 2m 
height 

°C 

 Precipitation Accumulated summer precipitation mm 
 

 



 

Supplementary table 2 | List of hyperparameters for Random Forest model  

Hyperparameters Values 
Number of trees (ntree) 300, 500, 800, 1000 

Number of random features (mtry) 3, 4, 5, …, number of total features 
 


