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Abstract 

 

Mountainous regions are highly hazardous, and these hazards often lead to loss of 

human life. The Hindu Kush Himalaya (HKH), like many mountainous regions, is the site 

of multiple and overlapping natural hazards, but the distribution of multi-hazard risk 

and the populations exposed to it are poorly understood. Here, we present high-

resolution transboundary models describing susceptibility to floods, landslides, and 

wildfires to understand population exposure to multi-hazard risk across the HKH. These 

models are created from historical remotely sensed data and hazard catalogs by the 

maximum entropy (Maxent) machine learning technique. Our results show that human 

settlements in the HKH are disproportionately concentrated in areas of high multi-

hazard risk. In contrast, low-hazard areas are disproportionately unpopulated. Nearly 

half of the population in the region lives in areas that are highly susceptible to more 

than one hazard. Warm low-altitude foothill areas with perennially moist soils were 

identified as highly susceptible to multiple hazards. This area comprises only 31% of the 

study region, but is home to 49% of its population. The results also show that areas 

susceptible to multiple hazards are also major corridors of current migration and urban 
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expansion, suggesting that current rates and patterns of urbanization will continue to 

put more people at risk. This study establishes that the population in the HKH is 

concentrated in areas susceptible to multiple hazards and suggests that current patterns 

of human movement will continue to increase exposure to multi-hazards in the HKH.  
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1. Introduction 

 

The 6th Assessment of the IPCC Report makes clear that climate change is resulting in 

multiple changes in many regions (IPCC, 2021). In particular, mountain areas are likely to 

experience cascading consequences of floods, landslides and other events associated 

with increased warming and extreme precipitation (Arias et al., 2021). The topography, 

geological processes, and hydrological character of mountainous regions provide water, 

resources, and ecosystem services to downstream areas, but also make the lives of 

mountain residents and their settlements vulnerable to multiple interacting natural 

hazards. Globally, mountain regions are hot spots for hazard mortality: over 70% of the 

more than 700,000 disaster-related deaths between 2005 and 2014 occurred in 

mountainous countries (UNISDR, 2015, cited in Klein et al., 2019). In 1992, sustainable 

mountain development was articulated as a global intergovernmental priority in Chapter 

13 of Agenda 21 (UNCED, 1992). Agenda 21 recommends evaluating and mitigating the 

risks posed to sustainable mountain development by hazards, asserting that mitigation 

of multi-hazard risk is intrinsic to sustainable mountain development. Exacerbating the 

risks posed by these hazards, mountain populations worldwide have grown in step with 
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the global population—increasing by more than 170 million people this century—and 

these mountain populations are urbanizing (Ehrlich et al., 2021).  

The Hindu Kush Himalaya (HKH), the extent of which considered here is 

delineated in section 2 below, is exemplary of cascading and compounding risks 

associated with climate change, as well as the connection between sustainable mountain 

development and hazard risk mitigation. The HKH is a global hazard hotspot and is 

among the highest places globally for mortality risk associated with both hydrological 

and geophysical hazards (Dilley et al., 2005). The presence of multiple interacting 

hazards, together with lagging development and inadequate risk mitigation, have had 

costly and fatal consequences in the HKH. The 2015 Gorkha earthquake triggered over 

24,000 landslides, a compounding multi-hazard event that destroyed over 500,000 

formal and informal structures, killed almost 9,000 people, and displaced 2.8 million 

more (Molden et al., 2016; Roback et al., 2018). In 2013, rainfall simultaneously triggered 

compounding landslides and flash floods in the Garhwal Himalaya, destroying over 200 

buildings and leading to several fatalities (Bhambri et al., 2016). In 2003, a landslide 

dammed the Paree Chu stream in Himachal Pradesh; cascading from that event, the 

dam’s rupture in 2005 caused 177 million USD in damage to downstream settlements 
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(Gupta and Sah, 2008). In February 2021, a flood in the Chamoli District of Uttarakhand 

caused 70 confirmed fatalities and over 100 injuries; initially thought to be caused by a 

glacial lake outburst, remote sensing showed that the flood was caused by the rapid 

fluidization of ice from the kinetic energy of the rockfall combining with a stream below 

(Shrestha et al., 2021). 

While these examples demonstrate that the HKH, like other mountainous regions, 

is vulnerable to compounding or cascading multi-hazard events, it is nonetheless 

common for studies to focus solely on a single hazard (Aryal et al., 2020a; Bera et al., 

2019; Kappes et al., 2012; Pangali Sharma et al., 2019; Vilà-Vilardell et al., 2020; 

Zimmermann and Keiler, 2015). While single hazard assessments yield important 

insights, they can also obscure interactions between hazards (Kappes et al., 2010). These 

interactions—in which one hazard triggers, intensifies, attenuates, or preconditions 

another, or when two hazards share similar triggers and may even occur 

simultaneously—can compound hazard risk or link hazards into cascading hazard 

sequences (Kappes et al., 2010; Cutter, 2018).  These interactions are definitive aspects of 

risk in areas highly susceptible to multiple hazards, such as mountainous regions 

(Kappes et al., 2010; Zimmermann and Keiler, 2015).  
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In the Hindu Kush Himalaya, urban settlements are small in scale but patterns of 

urbanization have a broadly transboundary character (Aryal et al., 2018; Mukherji et al., 

2018). Urbanization in the HKH is driven by complex local, regional, and international 

migration patterns within the HKH, from seasonal movement for agricultural work 

between Nepal and India, to the ongoing depopulation of highland villages as people 

settle in urban centers, to outmigration into other parts of Asia and the Gulf states (Aryal 

et al., 2018; Mukherji et al., 2018). Urbanization in the HKH is changing patterns of 

susceptibility and exposure to multi-hazard risk (Rose et al., 2020; Tiwari et al., 2018). 

When urban growth occurs in areas susceptible to multiple hazards, exposure to 

preexisting hazard risk increases. Additionally, urban development in the HKH has 

shaped landscapes in ways that further increase their susceptibility to hazards—

destabilizing slopes in ways that predispose them to landsliding, blocking natural 

drainages in ways that intensify flooding, and generally disrupting ecosystem services 

that otherwise buffer against natural hazards (Ballesteros-Cánovas et al., 2020; Rimal et 

al., 2015; Tiwari and Joshi, 2020). Urban settlements in the HKH are notable for their 

largely unplanned and unregulated patterns of growth (Tiwari and Joshi, 2020). Despite 

the increasing intensity and frequency of hazards due to climate change, and growing 
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risks tied to urbanization, mountainous areas have lagged behind lowland areas in 

meeting hazard mitigation goals (Ariza et al., 2013; Macchi, 2010; Wester et al., 2019). To 

mitigate hazard risk for small settlements distributed across wide areas in the HKH, 

large-scale high-resolution assessments of multi-hazard susceptibility and exposure are 

critical. 

The primary goal of this paper is to understand patterns of multi-hazard risk in 

the HKH region. To accomplish this, we assess spatial patterns of multi-hazard 

susceptibility, the environmental patterns determining single- and multi-hazard 

susceptibility, and population exposure to multi-hazard risk. We ask: What is the 

distribution of multi-hazard susceptibility in the HKH, what are its environmental 

characteristics, and how may overlapping hazards interact? What proportion of the 

HKH’s population is exposed to multi-hazard risk and where are exposed populations 

located? Finally, how can the distribution of multi-hazard risk contribute to 

understanding the consequences of urbanization processes in the region? 

Current methods for assessing single hazards have made meaningful 

contributions to our understanding of hazard risk, but are not easily adapted to 

evaluating the multi-hazard risk faced by urbanizing populations in the HKH.  Multi-
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hazard risk or susceptibility is often represented by assigning relative weights to 

susceptibility of each hazard, and combining weights from separate hazards into a single 

score, such as by using Analytic Hierarchy Process (Aksha et al., 2020; Gautum et al., 

2021; Skilodimou et al., 2019). Condensing susceptibility to multiple hazards into a 

composite score, however, conceals information essential to understanding multi-hazard 

risk, such as the specific hazards present and their potential compounding and 

cascading interactions (Cutter, 2018; Kappes et al., 2012). The importance of 

understanding multi-hazard risk will increase as climate change increases the chance of 

compounding hazards (IPCC, 2021).   

The prevalence of cascading and compounding multi-hazard risks defines the 

complex challenge of hazard mitigation in the HKH and intersects with the 

transboundary character of multi-hazard risk, as hazards span spatial scales from local to 

national and interact across national or other administrative boundaries. Studies in the 

HKH have evaluated multi-hazard susceptibility and risk at a number of scales and 

resolutions, but there are no large-scale high-resolution models of multi-hazard 

susceptibility in the region. The transboundary distribution of hazards and people is best 

represented by large-scale susceptibility modeling, yet the small-scale of mitigation 
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strategies (e.g. in a particular settlement) requires high-resolution across the study area. 

Small-scale studies are usually delimited by a geographic or administrative boundary. A 

recent study described multi-hazard risk in Dharan, Nepal—an area of less than 200 

km2—by overlapping susceptibility maps for landslides, floods, and earthquakes with a 

map of social vulnerability to hazards (Aksha et al., 2020). While useful for 

understanding the variation in susceptibility within the district, the limited bounds of this 

study could not show the hazard susceptibility of Dharan relative its neighboring 

districts or national context, an important consideration where populations are mobile 

and urbanization is an ongoing process (Aryal et al., 2018; Ehrlich et al., 2021). 

Conversely, the “mountain specific multi-hazard risk management framework” 

(MSMRMF) for assessing hazard susceptibility and capacity for risk mitigation operates 

at a much larger scale, including seven hazards across 12 Indian states with an area over 

500,000 km2 (Sekhri et al., 2020). MSMRMF is evaluated at the district scale, which range 

in area from hundreds to tens of thousands of square kilometers (Sekhri et al., 2020). 

Further, it only includes districts in India, while hazard risk and population movement in 

the HKH cross national borders (Aryal et al., 2018; Sekhri et al., 2020). While useful for 

planning at the national scale, MSMRMF cannot be used to inform smaller-scale 
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mitigation efforts, especially when a susceptible area spans two administrative regions 

or an international border.  

Some methodological issues in evaluating large-scale high-resolution multi-

hazard susceptibility can be circumvented with the application of machine learning 

models trained and tested on remotely sensed environmental covariate data. Satellites 

orbit Earth regularly and collect comparable data across large areas. Passive remote 

sensing using solar reflectance can provide land cover and thermal information, while 

active remote sensing such as Synthetic Aperture Radar is sensitive to surface water and 

terrain (Pham-Duc et al., 2017). These satellite-derived covariates are efficient at 

monitoring hazard-forming environments consistently across large areas (Metternicht et 

al., 2005; Zhong et al., 2020). Machine learning techniques deal effectively with high 

dimensionality input data and can use the same ensemble of covariate data across 

multiple hazard catalogs without resorting to subjective weighting schemes. While 

machine learning models used in this way do not describe the physical processes 

causing hazard formation, their ability to describe the spatial distribution of hazard 

susceptibility with a high degree of accuracy has made their use increasingly common 

(Javidan et al., 2021; Pourghasemi et al., 2020). 
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Here, we use machine learning techniques, remotely sensed data, and catalogs of 

previous hazards to perform a multi-hazard assessment of the HKH. The HKH is prone to 

a large number of hazards, and this study focuses on three general, salient, and 

recurrent landscape hazards that may pose risks to urbanizing areas: floods, landslides, 

and wildfires. Floods are the most common and most destructive hazard type in the 

region (Wester et al., 2019); landslides in the HKH are common, and cursory analysis has 

shown that potential exposure of residents to them may be high (Wester et al., 2019); 

wildfires are relatively less destructive, but climate change and urbanization pressure at 

the wildland urban interface is expected to increase both their frequency and 

destructiveness in the future (Vilà-Vilardell et al., 2020). Earthquakes are a fourth salient 

hazard, but are not modeled explicitly; while seismic hazard varies across the region, the 

unpredictability of earthquakes and their long recurrence time lead us to assume 

earthquake susceptibility is generally high across the region (Stein et al., 2018). Climatic 

hazards (e.g. extreme heat, droughts) were excluded due both to data limitations and to 

focus the study on hazards in the landscape. While both economic assets and 

populations are exposed to hazards, this study focuses on population exposure as a 

more consistent basis for comparison as estimates of economic assets may vary across 
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administrative boundaries, through time, and between hazard catalogs (Stäubli et al., 

2018).  

 

2. Study Area 

The HKH region is defined in different ways by different sets of stakeholders. This 

project used the bounds defined by the three-year NASA-funded study of which it is a 

part. This choice was motivated by existing relationships with collaborators in these 

areas and data limitations of parallel studies. The HKH study region (Figure 1) covers a 

608,100 km2 arc across South Asia inclusive of the Indian states of Sikkim, Uttarakhand, 

and Arunachal Pradesh, the Indian union territories of Ladakh and Jammu and Kashmir, 

and the nations of Nepal and Bhutan. The region is between the latitudes of 25° 57' 53" 

N and 35° 30' 5" N, and the longitudes of 73° 45' 47" E and 97° 24' 55" E. Hereafter in 

this study, references to the Hindu Kush Himalaya (HKH) refer specifically to this study 

region. The entirety of the study region is seismically active due to the collision of the 

Indian Plate beneath the Eurasian Plate. Slippage between these plates creates elastic 

strain that, when released, leads to high-magnitude disastrous earthquakes (Bilham, 

2001).  

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



This dynamic geology, together with climate and topography, creates the 

conditions for the study region’s dynamic hydrologic activity. The wider Himalayan 

region holds the headwaters of ten major rivers that supply freshwater to over 1.3 billion 

people, but can also lead to major rapid onset flooding (Molden et al., 2014). This same 

environment gives rise to floods and landslides, two major hazards in mountainous 

regions (Stäubli et al., 2018). The environmental conditions in the HKH lead to highly 

diverse plant communities, but vegetation cover in the HKH also gives rise to destructive 

wildfires (Matin et al., 2017; Vilà-Vilardell et al., 2020).  

The HKH is home to large and mobile human populations. In 2019, the wider 

Himalayan region was home to 240 million people, and the HKH study region home to 

62 million (Rose et al., 2020). Population growth, however, is not uniform across the 

region, with major growth observed at elevations between 1,000 and 3,500 meters AMSL 

and a declining population at elevations over 4,500 meters AMSL (Romeo et al., 2015). 

The population is moving and urbanizing, but infrastructural development and resource 

access are unevenly distributed. By national estimates, around one-quarter of the 

population is living in poverty, with those higher concentrations of impoverished people 
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in more mountainous areas (Wester et al., 2019). Social vulnerability to hazards is higher 

for households experiencing poverty, as well as for women (Dilshad et al., 2019). 

 

3. Data and Methodology 

Our aim is to assess multi-hazard risk over a large transboundary area. There are three 

criteria for the choice of data. First, we only used data with planetary coverage. Our 

transboundary approach requires data consistent across administrative boundaries and, 

of equal importance, we chose data suited to reproducibility and replicability of our 

methods in other mountainous regions. Second, we required the environmental 

covariate data to have temporal overlap with the hazard catalogs (which span 1998-

2018) used for modeling.  Hazard catalogs are central to our modeling approaching and 

their temporal range anchored the acceptable temporal range of environmental data. 

Finally, we selected environmental covariates representing a broad range of spheres of 

the environment—the lithosphere (e.g. soil type), the hydrosphere (e.g. proximity to 

water), the biosphere (e.g. land cover), and the atmosphere (e.g. air temperature)—that 

may contribute to predicting the distribution of hazards. To model multiple hazards 
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from the same set of covariates, we aimed for wide coverage of environmental 

conditions.  

 All hazard instances were recorded as points and environmental covariates were 

continuous or categorical raster layers.  Geographic patterns in hazard catalogs, 

environmental covariates, and population are summarized in supplementary figure 1. 

Hazard catalogs are summarized in table 1.   

  

3.1 Hazard catalogs 

3.1.1 Flood catalog 

Flood catalog data were extracted from the Global Flood Inventory (GFI) compiled by 

Adhikari et al. (2010) covering global events from 1998 to 2008. These point data were 

collected from a number of sources, including existing flood catalogs—Emergency 

Disasters Database, Dartmouth Flood Observatory, ReliefWeb, and International Flood 

Network—as well as primary sources such as news reporting and public records. All 

events in the GFI were verified with news reports or announcements from government 

agencies (Adhikari et al., 2010). Catalog records include floods across eleven causes, 

including flooding due to dam outbursts, brief torrential rainfall, monsoonal rain, 
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avalanches, or cyclones. The GFI contained 206 total flood instances within the study 

region.  Within the study area, 87% of recorded flood events could not be reliably 

assigned a trigger, 6% of events can be attributed to monsoonal rain, and 3% to heavy 

rainfall.  

 

3.1.2 Landslide catalogs 

Two catalogs of landslide events were used as input data for the landslide susceptibility 

model: The Global Landslide Catalog (GLC) and the Global Fatal Landslide Database 

(GFLD) (Froude and Petley, 2018; Kirschbaum et al., 2010). The GLC focuses on 

precipitation-triggered landslides, and the catalog includes landslides, rock falls, 

avalanches, debris flows, and mudslides. In the HKH, 90% of events recorded in this 

catalog are characterized as landslides, 4% mudslides, and 3% as mudslides. The GFLD 

focuses on landslides that caused human casualties and is categorized by the landslide 

triggers. 82% of the events in the HKH recorded in the GFLD are triggered by rainfall, 9% 

from construction activity and illegal hillcutting, and 2% from earthquakes. These 

datasets were grouped and duplicate events removed to create a combined dataset with 

2,382 landslide events. 
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3.1.3 VIIRS fire archive 

Wildfire incidence data were obtained from the VIIRS fire archive, a catalog of the VIIRS 

375 m active fire detection product between 2012 and 2018 (Schroeder et al., 2014). 

Unlike the flood and landslide catalog data where every point represents the centroid of 

an entire hazard instance, each record in the VIIRS archive corresponds to the centroid 

of a single cell where an active fire was detected, not an entire wildfire. Due to this, there 

are two orders of magnitude more fire detections than landslide instances, and three 

more than flood instances. To prevent overfitting, a random 1% of the VIIRS archive data 

were used as input data for the wildfire susceptibility model.  

 

3.2 Environmental covariates and population data 

3.2.1 Digital elevation model 

Topography contributes to hazard-forming environments and four topographic 

environmental covariates are included here: elevation, slope, aspect and flow 

accumulation. Topographic covariates affect, for example, the movement of water and 

stability of soil and are commonly included as factors in hazard models that assess flood 
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and landslide susceptibility (Eini et al., 2020; Kornejady et al., 2017; Pourghasemi et al., 

2019). We use a digital elevation model (DEM) from the Shuttle Radar Topography 

Mission (STRM) flown in the year 2000 (Rabus et al., 2003). These data were remotely 

sensed by radar interferometry with a resolution of 1 arc-second and the collection of 

data despite cloud cover, a persistent problem for remote sensing in the HKH. STRM 

data and their derivatives have been used in hazard assessments in the HKH for flooding 

(Aryal et al., 2020), forest fires (Banerjee, 2021), and landslides (Saleem et al., 2020). At 

high elevations, STRM may underestimate elevation by up to 10 meters, and measures 

height above tree canopy in forested areas (Berthier et al., 2006; Sun et al., 2003). Slope 

is derived by determining the highest magnitude first derivative across each cell of the 

STRM DEM. Aspect denotes the downslope direction of each cell in degrees clockwise 

from true north. Flow accumulation is a hydrological parameter describing the number 

of cells upslope from any given cell—downslope cells will have higher flow accumulation 

values, while cells along a ridgeline will have flow accumulation values close to zero. 

Flow accumulation is related to the lateral movement of water through a watershed and 

can be a conditioning factor for fluvial flooding (Santos et al., 2019). Flow accumulation 
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was calculated from the STRM DEM by the D-8 algorithm (O’Callaghan and Mark, 

1984).  

 

3.2.2 Climate data 

Rainfall events can trigger flooding or landsliding (Aryal et al., 2018; Dahal and 

Hasegawa, 2008) and high rainfall during the monsoon season may raise the likelihood 

of wildfires when it is followed by hot dry fire seasons, as the growth of vegetation fed 

by monsoon rains becomes fuel as it dries in the hot weather that follows (Renard et al., 

2012). We include the mean annual air temperature (°C) and annual precipitation 

amount (kg m-2) data ranging 1981-2010 from CHELSA (Climatologies at High resolution 

for the Earth Land Surface Areas) v2.1, a climate dataset with global coverage at a 30 

arcsecond resolution (Karger et al., 2017). Recent research in ecological niche modeling 

has indicated that quasi-mechanistical statistically downscaled climate data (i.e. CHELSA, 

Karger and Zimmermann, 2019) is preferable to interpolated data (i.e. WorldClim) in 

regions like the HKH where weather stations are scarce (Maria and Udo, 2017). CHELSA 

improves upon interpolated data in areas where orographic precipitation is a major 

factor (Maria and Udo, 2017; Karger et al., 2017).  
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3.2.3 Soil data  

The properties of a soil affect its contribution to hazard-forming environments. For 

example, the shear strength of a soil is a property related to its propensity to slide, and a 

soil suborder’s permeability affects how water moves through its matrix of or over its 

surface. In these models, FAO-UNESCO world soil suborder data were included as a 

categorical covariate at a resolution of 0.033 decimal degrees (FAO-UNESCO, 2005). This 

soil map is not remotely sensed, but is based on ground surveys and national data (FAO-

UNESCO, 2005).  

 

Soil moisture is related to the incidence of landslides and floods. High soil moisture 

lowers the shear strength of a soil, preconditioning slope failure and landsliding, and 

increases surface runoff, in turn increasing peak flow and flooding (Ray and Jacobs, 

2007; Wasko and Nathan, 2019). Soil moisture data for the study region at a 15-km 

resolution was obtained from those published by the European Space Agency’s 

Climate Change Initiative (Guevara et al., 2019). These data represent the average annual 

soil moisture values in volumetric water content (m3/m3) from 1991 to 2016.  
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3.2.4 Land cover 

Land cover can contribute to hazard-forming environments and is commonly included in 

hazard susceptibility models (Aryal et al., 2020b; Rimal et al., 2015; Vilà-Vilardell et al., 

2020). We categorized cells in the study area into land cover classes using MDA’s 

BaseVue 2013 data product. In the HKH, land cover is categorized by BaseVue as 

deciduous forest, evergreen forest, scrubland, grassland, barren, general agricultural, 

paddy agriculture, wetland, open water, ice or snow, high density urban, and medium 

density urban. BaseVue 2013 was selected for its global coverage, recent sampling, and 

30 meter resolution. It is derived by an unsupervised algorithm from Landsat 8 imagery 

(MDA, 2014).  

 

3.2.5 Distance to permanent water 

Fluvial flooding is caused when a water body exceeds its capacity and floods its adjacent 

area, and thus has a direct relationship with the distance from a water body. Each cell in 

the study region was assigned a value describing its distance in decimal degrees to the 

nearest permanent water cell. Permanent water was defined as water that occurred more 
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than 85% of the time. These data were derived from the Global Surface Water Explorer, a 

dataset that quantifies global surface water changes between 1984 and 2015 at 30-

meter resolution (Pekel et al., 2016). These data commonly cited in models of hydrologic 

hazards in the HKH (Mohanty and Maiti, 2021; Veh et al., 2019). 

 

3.2.6 Population data 

Gridded population data were used to determine populations at risk. LandScan data, the 

stated purpose of which is to estimate populations at risk, represents an ambient 

population count over a typical 24-hour period (Rose and Bright, 2014). LandScan uses a 

dasymetric method to disaggregate subnational census data into 30 meter cells (Rose 

and Bright, 2014). The ambient distribution of population differs from a residential 

distribution by the inclusion of local models of daily travel, cultural settlement patterns, 

land cover, and other spatial data (Dobson et al., 2000; Rose and Bright, 2014).  The 

LandScan data were resampled to match the resolution of the multi-hazard map. The 

most recent LandScan dataset, collected in 2019, shows 62 million inhabitants are 

heterogeneously distributed across the study region, clustered in some areas and absent 

from others. No human habitation is recorded across 45% of the study region, and only 
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6% of the study region has an ambient population density of more than 500 persons-

km-2. The majority of the populated land area has a density of less than 50 persons-km-2.  

While LandScan is commonly used for hazard assessments, differences exist 

between its population estimates and those of other gridded population datasets (Smith 

et al., 2019). Here, the exposure assessment was repeated with the 2019 WorldPop 

dataset (Tatem, 2017) and the results compared. 

 

3.2.7 Environmental covariate and population data resampling  

Raster grids for all environmental data were resampled to 16 arc-second (approximately 

0.5 km) resolution. Continuous covariates were resampled using bilinear interpolation. 

Soil suborder was upsampled by assigning the value of the original larger cell to each 

new smaller cell within its bounds. Land cover was downsampled by assigning each new 

cell the most common value of the original cells within its bounds. 

 

3.3 Susceptibility and exposure modeling 
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The process of generating the single and multi-hazard susceptibility models, and their 

use to determine the magnitude and distribution of exposure to multi-hazard risk, is 

outlined in figure 2.  

 

3.3.1 Modeling hazard susceptibility 

Individual hazard susceptibility models were created using a presence-only machine-

learning method, Maximum entropy (Maxent) (Phillips et al., 2021). Maxent is freely 

available for noncommercial use as a multi-platform Java-based software and was 

originally built to model distributions of rare species. Maxent has become an established 

technique for modeling natural hazards such as floods, landslides, and wildfires (Eini et 

al., 2020; Kornejady et al., 2017; Pourghasemi et al., 2020; Renard et al., 2012). Maxent’s 

presence-only approach is useful when hazard occurrences are rare and the terrain in 

the study region is not easily accessible, as it avoids the need to generate pseudo-

absence data in areas where the actual non-occurrence of a hazard cannot be reliably 

known. Like other machine learning techniques, Maxent’s output maps describes the 

hazard’s distribution but not the mechanisms by which a hazard is triggered. 
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Maxent determines the distribution of hazards by finding the distribution with the 

highest degree of randomness within the constraints defined by the relationship 

between the input hazard instances and their environmental covariates. Outputs from 

the model are complementary log-log transformed, allowing the resulting values to be 

interpreted as the relative likelihood that the hazard will occur in that cell, i.e. the 

susceptibility of the cell to the hazard (Phillips et al., 2021). These transformed output 

values range from 0 to 1.  

Maxent models were built from a set of ten environmental covariates for each of 

the three modeled hazards. The catalog data for each of the hazards was partitioned 

into 70% training and 30% test data. Catalog data in cells within the study area with a 

null value for any of the environmental covariates were excluded from the model. 

 

3.3.2 Accuracy assessment and binary maps 

 

The test data comprises 30% of the events in each hazard catalog included in the model 

and 10,000 absence samples randomly derived from the background area for each 

hazard. Area proportional sampling was used to evaluate the accuracy of binary 
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mapping by using a default probability threshold of 0.5 (Chen et al., 2019; Stumpf and 

Kerle, 2011). With standard error of the overall accuracy at 1%, 787, 1,005, and 1,023 

sample points are randomly drawn from the test data to evaluate the binary maps of 

floods, landslides and wildfires, respectively. In our preliminary analysis, we observed a 

higher incidence of type II than type I errors for all hazard models when using the 0.5 

probability threshold, leading to the omission of real hazard events from the binary map.  

Thus, we used an iterative resampling scheme to search for a threshold model 

value with the highest F1 score (i.e., harmonic mean of the model's precision and recall). 

The optimal threshold is defined at the highest mean F1 score of 99 iterations for each 

hazard model; cells above the threshold value were classed “high susceptibility” and 

cells below as “low susceptibility” for each hazard model. F1 scores ranged between 0 

and 1, with a score of 1 representing a perfect model. The F1 scores and thresholds for 

each model are reported in table 2. For each model, the Gini coefficient (2*AUC-1) was 

calculated to allow comparison with previously published studies.  

 

3.3.3 Multicollinearity 
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To perform a test for multicollinearity, we built a linear regression model for each and 

calculated variance inflation factors (VIF) for each environmental covariate. Variance 

inflation factors between greater than 5 indicate that the covariate is correlated with at 

least one other covariate. Covariates with VIF greater than 5 are tested pairwise by 

Pearson’s correlation coefficient to determine the nature of the correlation. As Maxent 

is robust against multicollinearity, collinear environmental covariates are not excluded 

from the model (Elith et al., 2011; Feng et al., 2019). 

 

3.3.4 Multi-hazard mapping 

The thresholds determined for the flood, landslide, and wildfire models were used to 

create a binary map for each hazard, where all cells with output values equal to or above 

the threshold were assigned as highly susceptible cells and those below set to null. The 

binary maps were overlaid, and each cell was assigned a value indicating the set of 

hazards to which it was highly susceptible. 

To determine exposure, the multi-hazard map was overlaid with the 2019 

LandScan global population distribution data. To determine the population exposed to 
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each category in the multi-hazard risk map, the LandScan population counts were 

summed for each hazard combination across every cell in the study region. 

 

4. Results 

4.1 Multi-hazard exposure 

Our analysis shows nearly half (49%) of the region’s population are exposed to multi-

hazard risk and that high susceptibility to more than one hazard is geographically 

concentrated in one-third of the region’s land area (figure 3). Conversely, 51% of the 

land area of the HKH has low susceptibility for all three hazards but only 19% of the 

2019 population is present in this area (figure 3). The area highly susceptible to all three 

hazards simultaneously comprises only 9% of the study region’s land area but was 

home to 21% of its 2019 population (figure 3). Trends in exposure held when we 

repeated out exposure assessment with the WorldPop data, which shows 20% of the 

population living in areas not highly susceptible to any hazard, 47% of the population in 

areas highly susceptible to multiple hazards, and 21% of the population within the 9% of 

the land area highly susceptible to all three modeled hazards. 

The multi-hazard susceptibility map was assembled from three binary maps for 

each hazard. The proportion of the study region identified in the binary map as “highly 
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susceptible” varied by hazard. The hazard with the largest highly susceptible area was 

wildfires, covering 39% of the study region. The area highly susceptible to landslides 

comprised 36% of the study area, and the area susceptible to flooding covered 13%.  

 

4.2 Environmental covariates for multi-hazard susceptibility  

The area of highest multi-hazard risk runs through the hill region in a band between the 

low-lying alluvial flats to the south and the mountainous areas to the north (figure 4). 

This band is generally highly susceptible to landslides and wildfires, with low-lying 

valleys and terraces also susceptible to flooding. The area highly susceptible to 

landslides, forest-fires and floods is south of the Great Himalayan mountains, running 

along the middle Himalayan ranges—sometimes referred to as the hill region and Sivalik 

hills—to the narrow belts of Bhabar and Tarai in the foothill region to the south. 

Environmental covariates for cells highly susceptible to multiple hazards are distinct 

from those in cells highly susceptible to only a single modeled hazard or no hazard at 

all. Multi-hazard susceptibility is most common at lower elevations between 700 and 

1,800 meters AMSL, while cells highly susceptible to only a single hazard vary widely in 

elevation, and low susceptibility cells are more common at higher elevations. Multi-
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hazard susceptibility is also clearly distinguished by the soil types where it is predicted. 

Over 60% of cells predicted to have high multi-hazard susceptibility are cells with udept 

soils, which are relatively young, high in organic content, and perennially moist. 

Conversely, udept soils cover less than 5% of cells highly susceptible to only a single 

modeled hazard, and 1% of cells not highly susceptible to any modeled hazard. Cells 

predicted as highly susceptible to multiple modeled hazards have higher annual 

temperatures than the rest of the region, though this effect may be difficult to separate 

from the effect of elevation due to the collinearity between those covariates (described 

below). In summary, multi-hazard susceptibility is distributed across mid-elevation areas 

that are relatively hotter than upslope areas and marked by young wet soils high in 

organic content. These same areas have higher relative incidence of human settlement. 

 

4.3 Single hazard susceptibility models and their environmental covariates 

The Maxent model outputs were used to create three raster maps of the study region at 

16 arc-second resolution illustrating the regional pattern of susceptibility to each hazard 

(figure 5). When the model outputs were validated against the reserved test data, the 

AUC values were 0.93, 0.91, and 0.86 for the models of floods, landslides and wildfires 
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respectively. In the same order, Gini coefficients for these three models are 0.86, 0.82, 

and 0.72.  In each model, VIF were less than 5 for all covariates with the exception of 

elevation and temperature, which had VIF >10. Elevation and temperature are very 

strongly negatively correlated (PCC = -0.98) in the study region. As Maxent is robust 

against collinearity, neither elevation nor temperature are removed from the model. 

The contributions of each environmental covariate to the hazard models are 

summarized in figure 6. Of the ten covariates evaluated across the models, annual 

precipitation amount, elevation, and soil suborder had significant contributions to all 

three models.  Mean annual precipitation amount contributed 41%, 26%, and 61% to 

models of floods, landslides, and wildfires respectively. The mean annual precipitation 

amount for areas highly susceptible to floods, landslides, wildfires was 2.2 x 103 kg-m-2-

yr-1, similar to mean precipitation across the region, though landslide-susceptible 

landscapes occur over wider spread of precipitation values than wildfires. Landscapes 

highly susceptible to flooding have slightly lower mean annual precipitation values (x ̄ = 

2.1 x 103 kg-m-2-yr-1) than the other modeled hazards. 

Elevation contributed 22%, 17%, and 21% to the models of floods, landslides, and 

wildfires respectively. Two-thirds of areas highly susceptible to floods were predicted 
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below 1,000 meters AMSL, while wildfire and landslides predictions were clustered 

around respective mean elevations of 1,200 and 1,600 meters AMSL. All three models 

underestimate susceptibility at very high elevations (above 3,000 meters AMSL) where 

less than 3% of any hazard catalog is recorded and there is low or no population. Soil 

suborder contributed 19%, 31%, and 7% to the models of floods, landslides, and 

wildfires respectively. Flood predictions were highest in valley bottoms with young and 

perennially moist soils in the udept soil suborder. Landslide and wildfire predictions 

were high on udept soils, but also on rocky orthent substrates.  

Other covariates had significant contributions to only one of the models. Distance 

to permanent water had a contribution factor of 8% in the flood model, a signal that 

fluvial flooding occurs adjacent permanent waterways but the relative magnitude of its 

contribution suggests that flooding in areas farther from permanent water is also 

common. Slope had a contribution factor of 17% in the landslide model. Landslide 

predictions are very low for all slopes less than 4° and relatively evenly distributed across 

steeper slopes. Land cover had a contribution factor of 10% to the wildfire model; fire 

predictions are higher in areas with evergreen forest cover, but also notable in 

deciduous forests and scrublands. The remaining four environmental covariates—aspect, 
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annual temperature, flow accumulation, and soil moisture—each contributed less than 

5% to any single model.  

 

5. Discussion 

5.1 Multi-hazard susceptibility and exposure 

Multi-hazard risk is the reality for nearly half (49%) of those who live in the HKH, a level 

of exposure disproportionate to the distribution of multi-hazard susceptibility. 

Contrasting this, only one-fifth of the population lives in the over 50% of the region with 

low susceptibility to all three modeled hazards. Machine learning models built from 

recent remotely sensed landscape data and hazard catalogs provide robust support for 

this conclusion. All three individual hazard models had Gini coefficients greater than 0.6, 

understood in the literature as a threshold for model accuracy (Pourghasemi et al., 

2020). This finding of high exposure to multi-hazard risk has been borne out by multi-

hazard studies in the HKH focused on smaller areas delimited by administrative 

boundaries, but the results here reflect the transboundary distribution of both hazard 

susceptibility and human settlement (Aksha et al., 2020; Gautam et al., 2021; Mukherji et 

al., 2018; Zhang et al., 2017). 
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The spatial co-incidence between multi-hazard risk and human settlement relates 

to the landscape characteristics favorable to both. All three modeled hazards coincide in 

densely-populated valleys in the mid-elevation hill regions of the HKH. These valleys, 

which span national boundaries, are the major corridors for current urbanization in the 

region (IHCAP, 2017; Mukherji et al., 2018). The environmental characteristics favorable 

to settlement and agriculture—such as lower elevation, warmer temperatures, and soils 

with perennial moisture—are also contributors to multi-hazard susceptibility. At present, 

urban growth in less hazardous environments is less common, as settlement patterns in 

the HKH are tightly constrained by the availability of topography and climate suitable to 

current “ribbon sprawl” urbanization in the HKH, where urban growth in highly 

susceptible areas occurs along valley road corridors through agriculturally productive 

areas (Diksha and Kumar, 2017; IHCAP, 2017). Our study shows that these corridors are 

areas where multi-hazard risk exposure is high. Urbanization in these areas is driven by 

the availability of work, infrastructure, and access to education or healthcare (both 

public and private), not necessarily by the minimization of hazard risk (Aryal et al., 2020; 

Mukherji et al., 2018; Muzzini and Aparicio, 2013). Urbanization processes in the HKH 

and increasing exposure to multi-hazard risk while climate change increases the 
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frequency and intensity of compound hazards related to climate (IPCC, 2021; Molden et 

al., 2014; Tiwari and Joshi, 2020).  

The importance of social patterns in determining exposure also inflects how this 

study may be applicable to other mountainous areas. At first glance, this study’s 

finding appears to contrast a multi-hazard assessment in Austria which showed that 

multi-hazard exposure of Austria’s building stock in mountainous regions is very low; 

the wide difference in level of development between Austria and the HKH, however, 

allows us to understand this difference as aligned with our finding that exposure to 

multi-hazard risk is driven by social and economic processes, not necessarily overall 

incidence of multi-hazard susceptibility (Fuchs, 2015; UNDP, 2019).  

In addition to clarifying the relationship between multi-hazard risk and 

urbanization processes, this study improves upon both small- and large-scale multi-

hazard assessments in the HKH. Our results build upon small-scale studies that 

demonstrate exposure to multi-hazard risk is not driven primarily by hazard 

susceptibility but by social patterns (Dharan, 2015), while problematizing the conclusions 

of coarser large-scale assessments whose description of high multi-hazard exposure 
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follows from an analysis showing high incidence of hazard-susceptible landscapes (Dilley 

et al., 2005; Sekhri et al., 2020).  

 

5.2 Multi-hazard interaction, risk and mitigation 

Since these hazards arise from landscape characteristics common to all three models, 

areas of high multi-hazard susceptibility can be determined by the overlap of multiple 

individual hazards (Kappes et al., 2010). Multi-hazard environments differ from single-

hazard environments by the mechanistic connections between hazards, where one 

hazard cascades from or compounds the effects of another (Cutter, 2018). However, 

machine learning models describe the areas in which multi-hazard risk is distributed but 

are agnostic to the mechanisms that give rise to multi-hazards. 

 To complement the models of hazard distribution, a multi-hazard matrix is 

assembled to describe the interactions between hazards in the HKH (figure 7). Hazard 

interaction matrices identify the influence of one hazard on another (Kappes et al., 

2010). The hazards are arranged on the matrix’s right diagonal, and each cell describes 

the effect of the row hazard on the column hazard. Each cell is filled with a description 

of compounding or cascading connection between the hazards found in the literature 
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on hazards in the HKH. When they are recorded in a specific location, these hazards are 

located on a map of the region (figure 7).   

The matrix records three kinds of hazard interaction: where hazards are directly 

linked, where their linkage is mediated by an environmental condition, or where their 

linkage is mediated by infrastructure or urban processes.  In some cases, hazards 

interact directly. These interactions can happen over short time spans, like when 

flooding erodes unstable soils to cause landsliding, or longer ones, when dams formed 

by previous landsliding may be breached by runoff from heavy precipitation upstream 

(Bhambri et al., 2016; Gupta and Sah, 2008). The 2015 Gorkha earthquake, for instance, 

cascaded to cause 24,000 landslides (Roback et al., 2018). Earthquakes are also capable 

of triggering glacial lake outburst floods with potentially devastating effects (Meyer et 

al., 2006). In other cases, the effect of one hazard on another is mediated by changes to 

an environmental condition brought about by the primary hazard. For instance, wildfires 

can change the properties of some soil substrates, lowering the precipitation threshold 

at which a slope will fail and a landslide will form (Abbate et al., 2019; Hodgkins, 2013). 

Wildfires may also lower the soil’s moisture holding capacity, increasing runoff and 

contributing to downslope flooding (Shakesby and Doerr, 2006). A third case is when the 
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relationship between hazards may also be mediated by infrastructure or urban 

processes, such as when earthquake or landslides result in damage to energy 

infrastructure which in turn leads to fires (Hodgkins, 2013; OSCE, 2016), or when these 

hazards cause damage to a dam that leads to flash-flooding. The pairwise description of 

hazard interactions in the matrix illustrates linkages between hazards, but does not 

preclude interaction between more than two hazards in potentially unexpected ways. 

While this matrix allows us to consider hazard linkages, the mechanisms for 

compounding or cascading hazards in the HKH is neither comprehensively described by 

this matrix nor comprehensively understood in the region.  As climate change increases 

the incidence of complex hazards (IPCC, 2021), these hazard interactions may become 

increasingly definitive of hazard risk in the HKH and further study of them is warranted. 

In multi-hazard environments like the HKH, accounting for the interaction 

between the hazards can avoid maladapted mitigation while suggesting synergistic 

strategies reducing risk in multi-hazard environments. These synergistic strategies may 

consider, for instance, aspects of the environment related to both hazards. For example, 

this study shows soil character to be a major predictor of high susceptibility to floods, 

landslides, and wildfires and the hazard interaction matrix records multiple interactions 
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related to soil (WF-FL, WF-LS, FL-LS). Erosion control measures for weak soils can 

synergistically mitigate against sudden landslides while also preventing the slow process 

of river siltation, which exacerbates downstream flooding (Tiwari, 2000). Conversely, fuel 

reduction to mitigate fire risk can increase erosion by removing root reinforcement and 

increasing sediment yields (Robichaud et al., 2010)—a maladaptive strategy that 

mitigates wildfire risk while amplifying flood and landslide risk by not accounting for 

common environmental covariates or interaction between hazards.  

Multi-hazard risk crosses national boundaries and is present across spatial scales; 

to reduce these risks, mitigation measures addressing multi-hazard risk must also be 

transboundary and transscalar. Our study finds that to multi-hazard risk is high, and its 

distribution does not follow administrative boundaries (figure 4). In the HKH, the 

transboundary distribution of multi-hazard susceptibility parallels transboundary 

patterns of human migration and settlement (Mukherji et al., 2018; Zhang et al., 2017). 

Further, administrative boundaries in the region are not fixed, a situation exemplified by 

the 2017 administrative restructuring in Nepal or the Government of India’s 2019 

partitioning of Jammu and Kashmir into two union territories. Administrative divisions 

(i.e. between scales of governance) may also hinder multi-hazard mitigation by assigning 
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jurisdiction for different hazards to different agencies or levels of governance. 

Federalization in Nepal gave national authorities responsibility for wildfire management, 

but the onus for managing linked hazards, like floods or landslides, remains at the 

municipal scale. Collaborative governance approaches to address mismatches like this 

are emerging in the region, but are hampered by historical paradigms that focus on 

disaster response over risk reduction and by competition between administrative bodies 

or international NGOs (Russell et al., 2021; Vij et al., 2020). On a smaller scales, many 

HKH residents in multi-hazard environments have detailed knowledge of multi-hazard 

processes, and their knowledge should be central to mitigation planning efforts (Gagné, 

2019; Rieger, 2021). The distribution of hazards supports calls for coordination across 

boundaries while the character of hazard risks calls for coordination across scales—

large-scale transboundary cooperation for disaster mitigation has its counterpart in 

specific mitigation efforts, which often operate at household or municipal scales 

(ICIMOD, 2017; Klein et al., 2019; Vij et al., 2020). 

  

5.3 Limitations and future research 
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While this study offers a robust assessment of multi-hazard susceptibility and exposure 

across the HKH, there are limitations to its method. This study gives a snapshot of multi-

hazard susceptibility in a highly dynamic region. The static models in this study perform 

well in describing historical hazards, but anthropogenic climate change and urbanization 

are rapidly reshaping the environment in the HKH, which in turn may reshape the 

distribution of future hazards (IHCAP, 2017; Mukherji et al., 2018; Wester et al., 2019). 

Specifically, climate change is expected to increase the incidence of compound hazards, 

further increasing multi-hazard risk in mountainous environments (IPCC, 2021). The 

performance of these models is driven by global datasets describing historical 

environmental processes, and predictions of future patterns of multi-hazard 

susceptibility could use a parallel methodology to predict future hazard risk from 

projections of the region’s future environmental conditions. 

The second limitation is that translating our assessment of exposure into an 

assessment of risk will require additional data on differences in social vulnerability within 

populations (Rigg et al., 2016). To complement transboundary susceptibility models, 

fine-grained social and economic data can direct mitigation efforts toward the region’s 

most vulnerable residents. Differences in sensitivity to disaster impacts or in the adaptive 
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capacity of social groups may create significant differences in the vulnerability to 

hazards between population segments. Poverty, for instance, increases vulnerability, and 

this is an essential consideration because poverty may be a driver for settlement in high-

risk areas (Tuladhar et al., 2015). While poorer residents will be more vulnerable to the 

coincidence of multiple hazards, gender disparities and social disparities mean that poor 

women and historically marginalized communities are especially vulnerable (Dilshad et 

al., 2019; Wester et al., 2019). Urbanizing areas are often home to poor and marginalized 

people—as well as elites—and additional social vulnerability data could elucidate the 

relationship between the distribution of multi-hazard risk and existing inequities 

(Mukherji et al., 2018). 

A comprehensive multi-hazard assessment would describe every hazard to which 

a region is susceptible, but data limitations restrict this study to a subset of the hazards 

in the HKH. In addition to the three salient landscape hazards modeled here, and the 

high earthquake susceptibility throughout the region, avalanches, drought, and extreme 

heat are three other hazards identified as warranting transboundary assessments in the 

HKH (Wester et al., 2019).  As spatialized transboundary catalogs of these hazards 
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become available, or existing catalogs are expanded and resolved, this study’s method 

could be expanded to include models of their distribution.  

This study comes up against the limitations of hazard catalog and environmental 

covariate data. The resolution and size of the hazard catalogs prevents the reliable 

distinction between hazards in the same category but with different triggers, such as 

between fluvial and pluvial flooding or between rock fall and debris flow landsliding. 

This study focuses on building robust transboundary models, but larger and more 

comprehensive hazard catalogs could support the distinction between related hazard 

types in models using similar methods. Improved data may also allow future 

transboundary models to include environmental covariates more commonly utilized in 

small-scale studies (e.g. drainage networks in Aksha, 2020) at the transboundary scale. 

This study uses data describing the region’s previous environment and hazards over a 

wide temporal range to construct a model highly capable of predicting recorded hazard 

incidence, but both hazards and the environment in the HKH are changing. In the future, 

additional data may allow temporal harmonization of recent environmental covariate 

data. Despite the data limitations of this study, it establishes that multi-hazard risk is, 

and will likely increasingly be, the reality for a large proportion of residents in the HKH 
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despite the relatively lower proportion of the study region susceptible to multiple 

hazards.   

 

6. Conclusions 

This study establishes that the population in the HKH is concentrated in areas 

susceptible to multiple hazards and suggests that current patterns of human movement 

will continue to increase exposure to multi-hazards in the HKH. Our findings are based 

on a suite of validated maps for three salient biophysical hazards (floods, landslides, 

wildfires) in the HKH, a map of multi-hazard susceptibility for the region, and an 

assessment of population exposure to multi-hazard risk. These maps illustrate that areas 

of high multi-hazard risk, typically warm low-altitude foothill areas with perennially 

moist soils, are also areas of with high levels of human settlements. If current trends 

continue, urbanization processes are likely increase exposure to multi-hazard risk while 

climate change increases the frequency and intensity of compounding hazards. Directing 

mitigation efforts in urbanizing areas toward multi-hazard risk and hazard interactions, 

rather than single-hazard risk, can avoid maladaptation. Further research can expand our 
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understanding of multi-hazard risk and its changing character in the dynamic HKH 

region.  
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Figures 

Also attached separately 

 

 

Figure 1. The HKH study region in context. Graphic underlay from NASA’s Blue Marble seamless image 

mosaic (Vermote et al., 2007).  
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Figure 2. Flowchart describing methodology for estimating single- and multi-hazard susceptibility and 

exposure.  
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Figure 3. Comparison of the proportion of land area susceptible to each hazard and hazard combination 

with the proportion of the population living in high susceptibility areas.  

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



 
Figure 4. Spatial distribution of multi-hazard susceptibility.  

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



 

Figure 5. Spatial distribution of flood, landslide, and wildfire susceptibility. 
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Figure 6. Contributions of each covariate to the performance of each single-hazard model. 
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Figure 7. Hazard interaction matrix illustrating possible relationships between hazards (above). The hazards 

are arranged on the matrix’s right diagonal, and each cell describes the effect of the row hazard on the 
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column hazard. When they are recorded in a specific location, these hazards are located on a map (center) 

and some recorded interactions are briefly described (below).  
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Table 1. Description of hazard catalogs for floods, landslides, and wildfires used for 

training and 

validation. 

 
Dataset 

Number of records 
in study region 

Time Range 

Floods Digitized Global Flood Inventory
1
 206 1998 - 2008 

Landslides 
Global Fatal Landslide Database

2
 1018 2004 - 2017 

Global Landslide Catalog
3
 1416 2004 -2016 

Wildfires VIIRS Fire Archive
4
 402957 2012 - 2018 

1 Adhikari, P., Hong, Y., Douglas, K.R., Kirschbaum, D.B., Gourley, J., Adler, R., Robert Brakenridge, G., 2010. A 

digitized global flood inventory (1998–2008): compilation and preliminary results. Natural Hazards 55, 

405–422.  

2 Froude, M.J., Petley, D.N., 2018. Global fatal landslide occurrence from 2004 to 2016. Natural Hazards and 

Earth System Sciences 18, 2161–2181. 

3 Kirschbaum, D.B., Adler, R., Hong, Y., Hill, S., Lerner-Lam, A., 2010. A global landslide catalog for hazard 

applications: method, results, and limitations. Natural Hazards 52, 561–575. 

4 Schroeder, W., Oliva, P., Giglio, L., Csiszar, I.A., 2014. The New VIIRS 375 m active fire detection data 

product: Algorithm description and initial assessment. Remote Sensing of Environment 143, 85–96. 
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Table 2. Summary statistics for each of the three single-hazard models. Area under the 

receiver operating curve (AUC) is reported to show model performance against both 

training and test data. For each model, a threshold was determined by maximizing its 

associated F1 score. 

 
AUC_training AUC_test Threshold F1 

Floods 0.96 0.93 0.53 0.96 

Landslides 0.92 0.91 0.42 0.93 

Wildfires 0.86 0.86 0.45 0.92 
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 We propose a method to study multi-hazard susceptibility and exposure  

 Areas susceptible to floods, landslides, and wildfires largely overlapped 

 Population was concentrated in areas susceptible to multiple hazards 

 Landscapes favorable to human settlement are sites of multi-hazard risk 

 Multi-hazard risk is expected to increase in the HKH 
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