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Study description

Research sample

Sampling strategy

Data collection

Timing and spatial scale

Data exclusions

• Plant cover fractions https://www.esa-landcover-cci.org/

• Above ground biomass (biomass) https://globbiomass.org/products/global-mapping/

• Global Forest Change (GFC) maps https://earthenginepartners.appspot.com/science-2013-global-forest

• Tree height https://webmap.ornl.gov/wcsdown/dataset.jsp?ds_id=10023

• Tree age https://doi.pangaea.de/10.1594/PANGAEA.889943

• Leaf Area Index (LAI) https://doi.org/10.5067/MODIS/MCD15A3H.006

• NDVI values https://doi.org/10.5067/MODIS/MOD13Q1.006

• Tree density https://doi.org/10.6084/m9.figshare.3179986

Climate features

• Precipitation, average temperature and maximum temperature http://www.climatologylab.org/terraclimate.html

• Standardized precipitation evapotranspiration index https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5

• Fire Weather Index (FWI) https://data.giss.nasa.gov/impacts/gfwed/

• Wind speed (Wind speed) and cumulated snow (Snow) https://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis2.html.

Landscape features

• Population density http://ghsl.jrc.ec.europa.eu/ghs_pop.php.

• Coefficient of spatial variation (CV), Evenness Index (Evenness) and Homogeneity Index (Homogeneity) http://www.earthenv.org/texture.

• Elevation and Slope https://www.usgs.gov/land-resources/eros/coastal-changes-and-impacts/gmted2010.

The generated vulnerability models are available at https://doi.org/10.6084/m9.figshare.13577960.

The customMATLAB code written to analyze the data, develop the random forest models and generate figures is available at https://doi.org/10.6084/
m9.figshare.13577960. Additional codes written in R/Python and Google Earth Engine used for data pre-processing are available on request from the corresponding
author.

We investigated the vulnerability of European forests to fires, windthrows and insect outbreaks over the period 1979-2018.The
proposed methodology is based on a machine learning approach that is purely data-driven (Earth observations, climate drivers,
database of forest disturbances) and therefore reproducible, applicable at large scales, and in line with the measurement/reporting/
verification process of UNFCCC.

In order to identify/calibrate/validate vulnerability models we used a large number of records of forest disturbances collected over
the 2000-2017 period. Fires were retrieved from the European Forest Fire Information System (EFFIS, https://effis.jrc.ec.europa.eu/)
and count 15,818 records. Windthrows were acquired from the European Forest Windthrow dataset (FORWIND, https://
doi.org/10.6084/m9.figshare.9555008) with 89,743 records. Insect outbreaks were retrieved from the National Insect and Disease
Survey (IDS, http://foresthealth.fs.usda.gov) database of the United States Department of Agriculture (USDA) which includes 50,777
records.

Potential effects of spatial dependence structure in the observational datasets were reduced by resampling target and predictor
variables along the gradients of the three principal components (PC) derived from the initial set of predictors. To this aim, we used 20
bins of equal intervals for each PC dimension spanning the full range of values. The resampling procedure was stratified by splitting
the records in training and testing sets. For each year between 2000 and 2017, we randomly extracted 60% of the records. The
extracted subset was then binned in the PC space using the average as aggregation metric weighted by the areal extents of each
disturbance record. The remaining 40% of records were similarly processed and used as independent validation set. The number of
bins conditioned the size of the final samples used to calibrate and validate vulnerability models and it was chosen as a trade-off to
reduce potential pseudo-replications and preserve the major sources of variability in the original records.

A set of environmental variables of three major categories, including forest properties, climate and landscape features, were selected
as potential predictors of forest vulnerability based on existing literature. These variables were retrieved from publicly available geo-
spatial products, including satellite and reanalysis data (details in Methods and Supplementary Methods 1). Each variable was
spatially averaged over the forest area of each disturbance record.

We explored the 1979-2018 period using monthly and annual temporal resolution of data, resampled to the common 0.25° spatial
resolution for the Europe domain.

In order to focus on effective damaging events in forest ecosystems, only records with relative biomass loss > 5% were selected. In
the case of windthrows, we noted that maximum wind speeds retrieved from 0.5° spatial resolution of reanalysis data may largely
underestimate effective maximum winds. This was particularly evident for tornado events, given their limited spatial extents
compared to the grid cell, and the storm event Klaus that occurred in 2009 and for which we noticed an underestimation of the
effective wind speed of the 78% (retrieved ~12 ms-1 instead of observed maximum wind speed of 55 ms-1 ). Therefore, such events
were excluded from our analysis. The exclusion criteria were defined after preliminary data exploration.




