This manuscript is a preprint and will be shortly submitted for publication to a scientific journal. As a

function of the peer-reviewing process that this manuscript will undergo, its structure and content may
change.

If accepted, the final version of this manuscript will be available via the ‘Peer-reviewed Publication

DOl link on the right-hand side of this webpage. Please feel free to contact any of the authors; we
welcome feedback.
















137

138

139

140

141

142

143

144

145

146

147

148

149

150

much coarser hierarchical level (e.g., Jacobs et al., 2020). This is usually done by computing
mean and standard deviation values, but one can also opt for a much more detailed quantile
description at times (e.g., Camilo et al., 2017).

In this study, we selected a catchment partition, by using the Hydrological data and
maps based on Shuttle Elevation Derivatives at multiple Scales (HydroSHEDS database,
https://hydrosheds.org/). This data contains several levels of details, from which we selected
the 12 level. This resulted in a partition made of 73,587 catchments for the whole Chinese
territory. The catchment size spans from 0.1 km? to 667 km?, with an average area of
130 km? and a 95% confidence interval of 231 km?.

Figure 1: Geomorphological settings of HMPs in China.

2.3 Environmental variables

We chose our predictor set to reflect the environmental conditions responsible for the HMP
hazard occurrences, listing terrain, climatic and anthropic influences. As also introduced
before, the native covariate resolution differed among covariate groups, and was also incon-
sistent with respect to the catchment partition. We then adopted the strategy of calculating
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the mean values per catchment for the following numerical predictors: elevation, slope,
planar and profile curvatures. Stream/catchment features (including form factor (Horton,
1932), relief ratio (Schumm, 1956), elongation ratio (Schumm, 1956), and drainage density
(Strahler, 1952) are morphometric characteristics representative of the catchment hydrology,
thus they did not require any aggregation step. As for NDVI, settlement area and rainfall,
these required a dual aggregation step, calculating the respective mean values over 30 years
and then per single catchment. Notably, we could have also calculated standard deviation
values but the interpretation of such summary statistics becomes very difficult. Because in
this work we seek a clear explanation of the predictors’ role, we opted to leave out these
measures, the additional information they would introduce to the model, and the possible
performance increase this would imply. Therefore, we selected a total of 12 variables, whose
acronyms and sources are reported in Table 1.

Table 1: Overview of environmental variables used in this study.

Variable Description Source

Elv mean of elevation

Slp mean of slope SRTM, https://earthexplorer.usgs.gov/
Prc mean of profile curvature

Plc mean of plan curvature

Rr relief ratio

Ff form factor

Er elongation ratio HydroSHEDS, https://hydrosheds.org/
Dd drainage density

Wr wandering ratio

NDVI mean of NDVI GIMMS NDVI, https://data.tpdc.ac.cn/
MaxRain ~ maximum daily rainfall Meteorological Data, http://data.cma.cn/
Sa settlement area WSF2015, https://developers.google.com /earth-

engine/datasets/

3 Methodology

The modeling protocol we followed includes two steps, one where a “black box” neural
network is built to produce HMP susceptibility estimates and a second one where the box
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