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Text S1. Additional information on the tools employed for the preconditioned

event analysis

Classification of Crop and Forest Grid Cells. The categorisation of grid cells into

forest or crop grid cells (Figure 2a) is done using the European Space Agency Land Cover

dataset (Santoro et al., 2017). This provides a land classification at a 300m resolution

for the period 1992-2018, which we regrid to a 0.5° lat-lon grid using the LC-CCI User

Tool. A grid cell is classified as a crop grid cell if rainfed croplands are the majority class,

while it is classified as a forest grid cell if the majority class is either evergreen, deciduous

broadleaf, needle leaved, or mixed forests. To exclude human influence due to land-cover

change, we keep only grid cells where the sum of the absolute changes over the 27 year

period is below 5%. We also exclude irrigated croplands. The locations of the resulting

crop and forest grid cells is shown in Figure 2a.

Application of Logistic Regression. Using a logistic regression model, we estimate

the probability of extremely low vegetation activity in summer, defined as occurrences of

LAI in summer (LAIJJA) below its 5th percentile. In this case, the impact Y is a binary

time series (1: LAIJJA < 5th percentile; 0: LAIJJA > 5th percentile), while the predictors

X1, X2, ..., Xn are continuous variables. The probability of a low anomaly is estimated as:

P [Y = 1] =
1

1 + exp(b0 + b1 X1 + ... + bn Xn)

where b0, b1, ... , bn are the regression coefficients. The logistic regression model is fitted

using the glm function from the stats package in R (R Core Team, 2020). We fit two

models for both cropland and forest grid cells separately, a base model that includes
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summer precipitation and temperature as predictors and a second model which includes

the two summer predictors along with spring radiation. After an iterative process, this was

found to be the most parsimonious model with good performance. Similar performance is

achieved using spring precipitation instead of spring radiation, though we choose to use

spring radiation (see discussion in the main text). Finally, no improvement is achieved

when adding other variables (i.e summer radiation or spring temperature). Before fitting,

all predictors are checked for multi-collinearity using the variation inflation factor (VIF).

Some variables have moderate correlation but it is small enough that it will not adversely

affect the results.
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Text S2. Additional information on the tools employed for the temporally

compounding event analysis

We looked for clustering of precipitation events over multiple windows before the land-

slide of interest. The amplitude of the shortest window ([-4,0] days) is in line with the 3

days thresholds used to disentangle nearby daily precipitation amounts arising from indi-

vidual weather systems (i.e., used for removing high-frequency clustered events). Due to

the multiple windows, multiple tests are involved when assessing whether the number of

precipitation events is above the 95th percentile of the Binomial distribution (where some

tests may be dependent due to the overlapping of time windows), hence we considered

the Fuzzy Benjamini-Hochberg correction (Kulinskaya & Lewin, 2009).

Given that we look for precipitation clustering up to 90 days before the landslide,

which occurred during the November-March period in each hydrological year, we searched

for clustering backward until August when considering landslides occurred in November.

Hence, the parameter p (equal to 0.056) of the Binomial distribution was estimated based

on data during August-March, specifically as Ntot/L, where Ntot is the total number of

selected precipitation events and L is the length of the August-March time series. Note

that in further analysis, a dependency of the parameter p from time could be considered,

such as to account for seasonality effects. The goodness of fit of the Binomial distribu-

tion was tested (significance level of 0.05) for all temporal windows using the Chi-square

goodness-of-fit test.
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We quantified the association between precipitation clustering and landslide occurrences

as the fraction of landslide events preceded by precipitation clustering. To assess whether

this association is significant, we compared the observed fraction with that 95th percentile

of the fraction obtained in 5000 synthetic datasets that assume no association between

clustered precipitation events and landslides. In these synthetic datasets, the landslides

occurrence is shuffled in time. In particular, we shuffled the year of occurrence of the

landslide events but left that day and month of occurrence as in the original dataset to

preserve the temporal structure of landslide occurrences in the synthetic dataset (Witt et

al., 2010; Bevacqua et al., 2019). The resulting increase of the confidence interval width

with the temporal window in Figure 7b is in line with the tendency of precipitation events

to cluster more at higher temporal windows.
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