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Abstract

Floods, droughts, and rainfall-induced landslides are hydro-geomorphic hazards that affect millions
of people every year. Anticipation, mitigation, and adaptation to these hazards is increasingly
outpaced by their changing magnitude and frequency due to climate change. A key question for
society is whether the research we pursue has the potential to address knowledge gaps and to
reduce potential future hazard impacts where they will be the most severe. We use natural language
processing, based on a new climate hazard taxonomy, to review, identify, and geo-locate out of
100 million abstracts those that deal with hydro-hazards. We find that the spatial distribution of
study areas is mostly defined by human activity, national wealth, data availability, and population
distribution. Hydro-hazards, which impact large numbers of people, increase research activity,
but with a strong disparity between low- and high-income countries. We find that a 100 times
higher impact is needed before low-income countries reach comparable research activity to high-
income countries. This "Wealth over Woe" bias needs to be addressed by increasing research
on hydro-hazards in highly impacted and under-researched regions, or in those sufficiently socio-
hydrologically similar. We urgently need to reduce knowledge base biases to mitigate and adapt
to changing hydro-hazards if we want to achieve a sustainable and equitable future for all global
citizens.

Introduction

Hydro-geomorphic hazards (hydro-hazards), such as floods, droughts, and rainfall-induced land-
slides, affect millions of people and cause thousands of fatalities annually. According to the Centre
for Research on the Epidemiology of Disasters (CRED), floods and droughts together affected
more than 130 million people in 2022 alone. Critically, the risk from hydro-hazards will keep
increasing due to projected climate and anthropogenic change (Arnell et al., 2019; IPCC, 2022),
which already overwhelms disaster risk reduction efforts (Kreibich et al., 2022b). The clear societal
threats posed by hydro-hazards suggest that science should tackle knowledge gaps to better guide
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adaptation policies where the risk is greatest. However, existing natural hazard research overlooks
many countries and does not study hydro-hazards in detail. For example, only 6.5% of all natural
hazard research studies are performed in Africa (Emmer, 2018) despite having the largest predicted
increase in flood exposure (Jongman et al., 2012).

There are still substantial knowledge gaps as to which environmental, anthropogenic, and socio-
economic characteristics determine research foci and biases. We lack knowledge regarding which
regions are underrepresented in studies of hydro-hazards. Quantifying and mapping these biases
is key to revealing and eventually addressing their underlying causes. For hydro-hazards, the high
spatial variability of all components of risk complicates bias analyses. Threats from floods, droughts,
and landslides are highly heterogeneous, e.g., landslides are gravitational mass movements and
occur in rugged terrain. The exposure to any natural hazard depends on hazard magnitude and
population distribution (Devitt et al., 2023). Differences in people’s vulnerability, e.g., due to their
socio-economic situation, further determine how strongly they might be affected when a hazard
happens (Benevolenza and DeRigne, 2019). The integration of all three aspects, hazard, exposure,
and vulnerability, forms the risk, i.e., the potential for negative impact of hydro-hazards. Therefore,
we would not expect the global research landscape to be spatially homogeneous. Instead, we would
expect a fair research distribution to follow one or a combination of the following aspects:

1. Socio-Hydrological Variations: Research is conducted based on scientific gaps. To advance
scientific understanding, the scientific community should aim for research that is representative of
the underlying socio-hydrological processes, in regard to both hazard generation and risk. Repre-
sentative knowledge distribution is particularly relevant for assessing vulnerability, as it is spatially
heterogeneous and difficult to transfer (King-Okumu et al., 2020; Ward et al., 2020).

2. Impact Density: Research is conducted where the impact or risk is the largest. Impact
can be measured as the number of events, fatalities, people affected, or economic loss. For this
type of analysis, we focus on the number of events, people affected, and fatalities. We disregard
economic losses here since economic impact data disproportionately favours high-income countries
(King-Okumu et al., 2020).

3. Population Density: Finally, an equitable distribution might simply entail an equal allocation
of studies according to population distribution.

Aiming for representative research coverage regarding hydro-climatic, landscape, and socio-
economic characteristics is not only important for addressing the current hazard situation but also
for predicting and projecting future risk. We investigate a corpus of 100 million scientific abstracts
(Kinney et al., 2023) by extracting and geo-locating those studies focused on hydro-hazards. We
compare the spatial distribution of these abstracts with hydro-climatic, socio-economic, and disaster
impact data to determine biases in the current knowledge base. And finally, to address these biases,
we provide recommendations for high-priority regions for future research and funding. Our results
integrate knowledge on hydro-hazards for disaster risk reduction and contribute towards a more
sustainable and equitable research landscape.

Results

Global distribution of hydro-hazard research

We use Deep Search (Staar et al., 2018) to filter 100 million abstracts and annotate them with location
and hydro-hazard mentions. Out of 610,000 abstracts that include variations of the search terms
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"drought", "flood" and "landslide" further screening (Figure S2) leaves us with 293,156 abstracts for
the analysis. We calculate research density as research per cell weighted by the size of the entity
(Callaghan et al., 2021). We define highly researched regions as all locations with a research density
of more than the 75" quantile of all land cells. The exact regions are shown in Figure S5.

The global distribution of hydro-hazards research densities depicted in Figure 1 (a,d,g) shows
a distinct pattern for each hazard. A noticeable hotspot for drought research is the west coast of
the USA, and further highly researched areas can be found across much of Europe (UK, Switzer-
land, Italy, and Spain) and Asia (South Korea, Bangladesh). Other highly researched regions are
located in Africa. Ethiopia, for example, is among the five most highly researched countries for
droughts (Figure S13), though several other African countries are also highly researched, such as
Kenya, Nigeria, Tanzania, and Zimbabwe (Figure S5). Drought study numbers are low for Latin
America, Central Africa, Russia, Kazakhstan, Mongolia, and Canada. In absolute numbers, Russia
is mentioned often (Figure S6), but the size of the country makes individual cell weights low and no
small scale studies are detected. Flood research density is generally higher due to an overall larger
number of articles. Flood research has several clusters around Europe, the USA, and Asia, such as
Bangladesh, eastern China, Japan, and South Korea. The cell with the highest flood study count is
located in the south of England (a cell including London and the Thames). 5% (8,616 in total) of
all flood abstracts target the UK. For comparison, Nigeria is the country with the largest number of
flood studies in Africa, with 2,595 abstracts on floods. Flood research in South and Central America
and most of Africa is low. Landslide research has more distinct hotspots, especially in the Alps,
Italy, Taiwan, Hong Kong, the Himalayas, Central China, and Japan. In fact, Taiwan is the cell with
the highest research count overall. In terms of absolute numbers, China is the country with the most
abstracts on landslide research, with 6,571 abstracts in total.

Research distribution across climate zones

We analyze the research bias between climate zones by comparing study numbers against the
numbers of hazard events and population numbers in each climate zone. Temperate regions have,
on average, the highest research count for all three hazards (Figure 2a). In terms of hazard event
counts (Emergency Management Database, EM-DAT, Figure 2c, upper panel), that distribution is
only mirrored by flood event occurrences. Most flood events (mean 28.8 per cell) occur in temperate
regions. The average flood count in tropical regions is about half as high as in temperate regions
(mean 15.2 per cell), yet the research density is only about a third. This result suggests a flood
research bias against tropical regions. A large share of flood events (mean 11.8 per cell) also occurs
in polar regions, with the lowest research density by far. Drought events are evenly distributed among
climate zones. Drought research effort is much higher in temperate regions than in arid and tropical
regions, indicating a bias towards temperate and against tropical and arid regions. For landslides, the
identified bias strongly depends on the choice of the event count dataset (e.g., EM-DAT vs. NASA
landslide catalogue vs. the Global Fatal Landslide Database—GFLD, Figure 2c, lower panel). The
comparison indicates a bias in the event count datasets themselves. Additionally, we compare the
research distribution across climate zones with the population distribution across climate zones. The
dominance of research in temperate regions matches the higher share of population in that climate
zone (36%, Figure 2b). Yet, tropical regions with 22% less population than temperate regions have a
60% (drought), 70% (floods), and 74% (landslides) lower research density.
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Figure 1. For each water extreme, the research distribution is displayed in three panels. A global
map of weighted research count, a detailed map for the highest cell count (marked by x) and a
histogram across all raster cells for droughts (a-c), floods (d-f), and landslides (g-i).

Environmental and socio-economic controls on research distributions

We further analyze how these research study distributions co-vary with different environmental
and socio-economic characteristics and with the availability of hydro-meteorologic measurements.
Hence, we extract the land surface with high research density (> 75" quantile, Figure S5) and
compare its characteristics with those of the whole land surface. Differences between distributions
are measured using the Wasserstein metric (Kantorovich, 1960; Krabbenhoft et al., 2022). Figure 3a
shows Wasserstein distances for selected variables (all variables: Figure S8).

Multiple variables indicate a strong positive bias in research density towards regions that are
highly influenced by human activity. Human footprint, representing aspects of human pressure
on the environment (Venter et al., 2016), as well as the variables irrigated land, population count,
cropland, and travel time to nearest city as an indicator of urbanization all exhibit high Wasserstein
values (> 0.5). Wasserstein values are lower (on average < 0.4) for climatic indices such as
potential evapotranspiration, precipitation, and aridity. The average annual precipitation is the only
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Figure 2. a, Mean research density across broad climate zones according to Koeppen-Geiger
(Beck et al., 2018), b, population count (WorldPop, 2023) by climate zone, ¢, mean number of
events per cell and climate zone for EM-DAT event counts as well as one flood and two landslide
datasets (Dartmouth Flood Observatory, Global Fatal Landslide Database (GFLD), NASA
landslide catalogue), d, world map depicting the climate zones.

climatic variable that has a large spread of Wasserstein values across hazards (0.14 for drought, 0.24
for flood, and 0.36 for landslide research). Furthermore, we also observed opposing distribution
differences between hazards. While flood and landslide research densities increase with increasing
precipitation, drought research density decreases. However, this negative relationship reflects only
the average distribution. Examining detailed cumulative distributions (Figure S9), we observe
decreasing research density with increasing precipitation from precipitation values > 1250mm. We
also find biases related to data availability, i.e., the research density is higher in regions with more
measurement stations.

Besides human influence, further biases in hydro-hazards research activity can be found in other
socio-economic dimensions. There is a positive bias in research density towards countries with a
high gross domestic product (GDP) (Wasserstein distance of 0.65 for drought, 0.72 for flood, and
0.74 for landslides). The variable "Scientific and technical journal articles" from the World Bank
refers to the number of articles published within the field of science and engineering per country. It
can be regarded as a control variable that is expected to exhibit a positive value, which we confirm
with an average Wasserstein distance of 0.75 across hazards. Research densities are much less
biased towards other socio-economic indices than GDP and population. Income inequality (Gini
Index), the ability to adapt to climate change, including hazards (adaptive capacity), and the human
development index show only small biases (Wasserstein averaged across hazards: 0.25, 0.24, and
0.19, respectively).

Country income-level, people affected, and research density

We investigate the interactions between research density and the number of affected people to
observe whether more impacted regions are also more intensely studied. In Figure 4a, we see
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Figure 3. Comparison of climate, land, gauging data, and socio-economic characteristics
between regions of high research (> 75" quantile) and the entire land area. Distribution
difference measured as Wasserstein distance (Krabbenhoft et al., 2022). Higher values indicate a
stronger bias. A positive (negative) distribution difference indicates more (less) research with
increasing characteristics.

that more research is conducted in high-income countries for all hazards, indicated by the higher
baseline and earlier onset of the respective curve compared to all other income groups. For some
high-income countries (e.g., for droughts in Germany, France, and Japan; or for landslides in the UK,
Slovenia, and Uruguay), no people have been recorded as being affected in the EM-DAT database
(CRED, 2023a), even though research has been conducted, as indicated by the distribution offset in
y-direction. There is no visible offset for the distribution of flooding, given that Malta is the only
country for which no affected people are recorded. Low, low-middle, and upper-middle-income
countries all report higher numbers of people affected for the same research density than high-income
countries. However, for nearly all of these countries, hazard research densities never reach the same
level as for high-income countries. The only exception is drought research in lower-middle-income
countries, which is largely due to the large amount of drought research in India (Figure S13).

Interestingly, there is a distinct difference in how many people need to be affected before research
activity visibly increases for the different income groups. These thresholds are much lower for
high-income countries across all hazards. Flood and drought research seems to be triggered when
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about 100 people are affected in high-income regions, for landslides it is less than 100 people. Flood
and drought research activity in low-income countries only starts increasing if more than 10,000
people have been affected. Across all hazards, research density rises with the affected number of
people (Figure S15).
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Figure 4. Country-averaged number of affected people against the cumulative distribution of the
research density, averaged over all cells per country and separated by World Bank income levels
(according to 2021 income classes) (World Bank, 1978). Each dot corresponds to one country.

Discussion

Wealth over woe - poorer countries are less researched despite higher hazard
impact

Low-income countries are disadvantaged across all aspects of disaster risk management. They
are more impacted by hydro-hazards (Hallegatte et al., 2020), and by climate change, while their
risk is increasing in many regions (IPCC, 2022). The need for equality across all aspects of
disaster risk management has been recognized by the United Nations Office for Disaster Risk
Reduction and in the Sendai Framework, which aims to increase knowledge and disaster risk
reduction with a particular focus on low-income countries (https://www.undrr.org/disaster—
risk-reduction-least-developed-countries). Our study can contribute to achieving a more
equal and sustainable research landscape, especially when local scientists and communities from
target regions are involved in the research (Odeny and Bosurgi, 2022) or are being involved in
sustainable research partnerships (Gill et al., 2021). Importantly, addressing these knowledge gaps
will help the international community reach the Sustainable Development Goals, many of which
have synergies with current efforts in disaster risk reduction (Aitsi-Selmi et al., 2016).

Hallegatte et al. (2020) conclude that "Poor people are disproportionately affected by natural
hazards and disasters." We find that low-income countries are not just disproportionately affected,
but also have a disproportionately lower research density for hydro-hazards. Even though research
is more prevalent in all countries where high impact hazard events occur, the threshold for what
constitutes "high" is much lower in wealthier countries (Figure 4). For flood and drought research,
100 times more people need to be affected in low-income countries compared to high-income
countries for research densities to reach the same level. Hazard impact therefore has a relatively
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small influence on research activity, while country wealth is much more influential (Wealth over
Woe). This disparity is likely due to highly unequal research funding and research capacities between
high-income and low-income countries (Skupien and Riiffin, 2020).

Our results show that low-income countries need to base risk assessment decisions, adaptation, or
policy changes on less research than wealthier countries. Even if research findings can be transferred
from hydro-climatically similar regions, socio-economic and governance conditions will most likely
be very different (Figure 4). Yet, local scientific and community knowledge is highly relevant for
the effectiveness of disaster risk management (Gaillard and Mercer, 2013) and can reduce disaster
impact if combined with resources to implement solutions (Kreibich et al., 2022a). Less research
in low-income countries thus means there is less knowledge on how the current impact imbalance
might be rectified in the future. Global overviews of research distribution, such as ours, can thus
provide valuable guidance by suggesting future research focus regions to funding agencies including
the World Bank, the UN, and the European Union.

How can we address current and future hydro-hazard knowledge gaps?

We assess research focus regions based on past impact and identified gaps in socio-hydrological
variations covered by research. For an-impact based assessment, we define regions that should
become research focus areas as those with combinations of a high number of people affected (> 75®
percentile) and low rates of research activity (< 75" percentile). For droughts, regions with high
research needs are predominantly the Sahel zone, the Horn of Africa, eastern Brazil, and Afghanistan
(Figure 5). For floods, the areas are more scattered, but relevant regions are large areas in South
and Central America as well as in eastern Africa (e.g., Somalia, Zambia, and Mozambique). In
contrast to floods and droughts that affect multiple spatial grid cells, a single landslide event will
only be recorded in one cell due to its limited spatial extent. Hence, landslide research focus
cells include major cities, e.g., Freetown in Sierra Leone and Abidjan in Cote d’Ivoire (Figure 5).
Under-researched landslide regions are mainly located in South America, particularly in Bolivia
and Brazil. We find that all of the mentioned locations remain research focus regions even when
different impact datasets are used. Though with more data, some additional regions can be added as
focus regions, as shown and discussed in the supplemental information.

Some knowledge gained in highly researched regions may be transferable to less studied regions
if similar hydro-climatic and landscape characteristics allow the assumption of process similarity
(Bertola et al., 2023; Stein et al., 2021). We do find several promising hotspots of highly researched
regions where flood, drought, and landslide hazards have been intensely studied. These cover mainly
the US, Europe, and parts of Asia. Still, an increase in research will be particularly necessary in
regions where increasing hazards and impacts are already noticeable or will likely increase in the
future. For example, diminishing water availability in the Southern Hemisphere (Zhang et al., 2023)
indicates a need for water management and drought adaptation research, which is currently lacking.
Landslide research is predominantly conducted in mountainous and temperate regions in Europe,
China, and the USA (Figure 2). Yet, tropical regions, especially tropical cities, have been projected
to be future hotspots of landslide risk given both population growth and climate change (Ozturk et al.,
2022). While both floods and landslides are well studied in more humid regions, drought research
activity is lower in very humid regions and is underrepresented in tropical regions (Figure 2). Hence,
we argue that the drought risk for rainforests is likely inadequately studied, given its importance.
For example, recurrent extreme droughts in the sensitive Amazon rainforest (Lewis et al., 2011)
define a potential critical tipping point for the earth system (Lenton et al., 2008). Additionally,
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(dark red). Classification based on 75" quantile of research and impact (number of people
affected, EM-DAT).

some poorly explored regions with distinct characteristics, too dissimilar for knowledge transfer,
need further exploration from a hazard process understanding viewpoint. A location-specific aspect
of risk research is vulnerability, since it is dependent on culture, socio-economic settings, and
governance systems (King-Okumu et al., 2020). It is, therefore, paramount to ensure vulnerability to
hydro-hazards is studied across different socio-hydrological settings.

Limitations

We have only studied the distributions of knowledge contained within published scientific abstracts
because these have so far been compiled as datasets. Our approach therefore cannot adequately
recognize that at least some applied research might only occur in technical reports (i.e., grey
literature) or in un-published Master’s and PhD theses. Importantly, we currently do not consider
the wealth of knowledge gathered by local citizens and indigenous people, which is often ignored or
overlooked by the scientific community (Chief, 2018), but would require a different type of study to
be utilised. Some research might also be overlooked due to the choice of English as the language of
analysis. However, Orimoloye et al. (2021) found that 95% of disaster risk management articles
are published in English. We therefore assume this limitation to be minor. Similarly, the choice
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of dictionaries used for geo-location might introduce a bias towards larger entities, high-income
countries, and non-natural features (Acheson et al., 2017). Our evaluation on a subset of 175
abstracts showed, that 1/3 of abstracts have missing geo-annotations. However, in 85% the missed
annotations would not have changed the geo-location identified. Additionally, location extraction is
biased by the limited description contained within abstracts. Although full-text analysis may have
yielded more information (Westergaard et al., 2018), it would dramatically reduce the number of
articles available. Open access is rapidly growing (Bjork, 2017). Hence, reviews like ours will likely
become more informative in the future.

Looking forward

In this study, we were able to map hydro-hazard literature and show biases related to where and
how often hazards are studied in a specific location. We find that high-income countries experience
much higher levels of research activity compared to lower-income countries, despite being less
affected. Thresholds for numbers of people affected appear to be significantly higher for lower
income countries compared to wealthier regions. Furthermore, the uneven distribution suggests
knowledge gaps in hazard understanding since not all hydro-climatic landscapes are covered equally.
Where hazard events occur and where they are researched does not align. Tropical regions, for
example, are studied less than distributions of flood, drought, and landslide events would suggest.
Even more importantly, focusing research on high-income regions means that socio-economic and
governance structures found in low-income countries are underrepresented. Such biases reveal
where future research might be needed to cover a broad spectrum of hazard research across different
environmental and socio-economic characteristics. Additionally, regions where many people have
been affected by hazards in the past, but where less research has been conducted yet, offer themselves
as future study regions and can thus guide research funding efforts. Specifically, Central and South
America should receive more attention for flood and landslide research. In Central and Eastern
Africa, more drought and flood research should be conducted.

Overall, our findings provide research funding agencies with the necessary maps to develop
programs that target research inequality. Policymakers might use these maps to determine where
knowledge gaps might affect their decisions. Researchers should be encouraged to develop collab-
orative networks within and across under-researched regions to build observational and research
capacity where it is most needed. Funding agencies need to develop new funding mechanisms
to support such efforts, which are often beyond current funding schemes that focus on funding
researchers in the country of the funding agency, rather than build capacity abroad. We currently
only show the state of historical research and its impact to date. However, with climate change
altering hazard occurrences around the world and with rapidly changing socio-economic conditions
in many places, research relevance shifts as well. If we, as a community, want to preemptively
address possible future disasters (Ozturk et al., 2022), we need to map current research activities to
highlight knowledge gaps in regions that are at risk in the future.
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Methods

Abstract data mining and annotation with hydro-hazards taxonomy

The Semantic Scholar Academic Graph (Kinney et al., 2023) forms our basis for data mining.
Currently, it contains 215 million scientific documents from all scientific fields, published and
indexed by non-profit organisations like Crossref or PubMed, preprint repositories such as arXiv,
and academic publishers like Springer Nature. Within the Semantic Scholar corpus, the abstracts
dataset provides abstract texts for around 100 million records. We utilized Deep Search (Staar et al.,
2018, https://ds4sd.github.io/), a tool that uses natural language processing to ingest and
analyze unstructured data. Deep Search processes text from the abstracts dataset and enriches the
metadata, for instance with language detection. The metadata associated with abstracts include
entries like unique identifiers, language, publication date, or subject (e.g., Environmental Science).
Only English language abstracts were analyzed, which make up 95% of the total data available
(Figure S2).We further excluded subjects related to the humanities, such as history, philosophy, and
art.

Abstract filtering: We first extracted all hydro-hazard-specific abstracts from the 100 million
documents using a term query in Lucene syntax (i.e., landslide OR mudslide OR rockslide OR flood
OR drought OR rockfall) within Deep Search. As a result, 610,000 relevant articles remained.

Hazard and geo-entity annotation: We created a climate-specific taxonomy for hydro-hazards,
which includes several types of hazards and subtypes, along with synonyms. For example, "floods"
are classified under "flood hazard", encompassing different forms of floods such as "flash flood",
"stormwater", "outburst flood", "fluvial flood", and others. Synonyms for, e.g., "fluvial flood" include
"river flood", "riverine flood", etc. A full overview of hazard entities can be found in Table S1, while
the entire taxonomy is part of the supplemental data.

Geo-entities were identified in the abstracts and the metadata was enriched by the type of entity
(e.g., type: cities, match: "New Orleans"). To perform this step, we compiled a geographic and
climate hazard-specific taxonomy. Geographic taxonomy information about towns and cities with
100,000 inhabitants or more was sourced from Wikipedia’s rich open knowledge base (Lehmann
et al., 2015) and was further augmented with the GitHub open-source collections for smaller capitals
and cities by countries, as well as Encyclopedia Britannica for lakes and rivers (Table S2).

Converting geographic entities into coordinates: We used a combination of the geocoding soft-
ware Nominatim (Clemens, 2015) and data from Natural Earth Data (NE, www.naturalearthdata.
com) to add geographic coordinates to the identified geo-entities. Nominatim searches Open-
StreetMap https://www.openstreetmap.org/copyright (OSM) (Haklay and Weber, 2008)
(Bennett, 2010) data. In case of ambiguity (e.g., multiple identical geo-entities), the five largest
entities returned by Nominatim were selected and further ranked based on the OSM importance
value, indicating search popularity (e.g., Paris, France: 0.8 versus Paris, Texas: 0.5). We used
data from NE to supplement the OSM results and to improve shape outlines of large features such
as regions and continents. The matching was based on geo-entity name and identified type (e.g.,
"rivers", "countries"). Manual evaluation showed that this approach was more accurate in identifying
regions and natural features than Nominatim alone. The final coordinates are based on feature
bounding boxes for OSM and river lines, as well as exact polygon shapes for all other NE data.
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Manual evaluation of annotation quality

The combined OSM and NE tagged geo-entity dataset was manually evaluated, and frequently
wrong results were removed. For example, the frequent geo-entity "Mobile" is often misidentified
as Mobile County in Alabama. A full list of these manual edits is provided in the supplement.
A subset of the final annotated data was evaluated by two independent human reviewers. Each
reviewer evaluated 100 abstracts, with 25% overlap between reviewers. Results were judged based
on the relevance of the abstract, completeness of the hazard and geo-annotations, and accurate
conversion to coordinates. The two reviewers both found 87% of the evaluated abstracts relevant for
a hydro-hazards study. Some abstracts might mention the hazard only in a side sentence, with the
main focus being, for example, botany, engineering or politics. 3% /9.4% of abstracts (respectively
Reviewer 1/Reviewer 2) had hazard annotations missing. Reasons for that could be phrasings such
as "wetness" describing a flood. Of the annotated geo-entities, 77% and 86%, respectively, correctly
described a location. Common causes of error are country adjectives (e.g., Korean War, Indian
export), overlap with common terms (e.g., Cobalt, Salmon), objects named after locations (e.g.,
Portland cement, Busan clays, Norwegian Computer Center), and names identified as locations (e.g.,
Allen). When a geo-entity was correctly identified, 95% and 89% were correctly geo-coded using
OSM or NE. In 33% and 21%, respectively, of evaluated abstracts, one or multiple geo-entities were
missed. Some causes for missed entities are variations in spelling (e.g., "Sumatera" vs. "Sumatra")
or locations not included in the dictionary. We randomly chose 20 abstracts out of the review set 1
(100 abstracts) that had missing geo-entities to evaluate the impact those missed entities have on the
final spatial coverage identified for each abstract. In 17 out of 20 abstracts, the missed locations fell
within regions already identified by other geo-entities within the abstract. We therefore conclude
that the impact of missed locations on the final research distribution should be minor.

Abstract to grid conversion

The locations identified for each abstract were combined and rasterized. Creating a spatial grid
for each abstract allowed calculating the density distribution of studies to compare them with
other datasets (e.g., population density) that were also transformed into the same resolution grid.
Comparable to Callaghan et al. (2021), we chose a raster grid of 2.5°. However, unlike them, we
considered not just the smallest but all locations extracted from an abstract. We quite commonly
found that multiple equally relevant study locations are mentioned in one abstract without relevancy
distinction. A country might be mentioned either as a study or modelling domain itself or just
to narrow down the location of a smaller entity for the reader. Since smaller (i.e., more specific)
locations are likely more relevant, we gave greater weight to smaller locations in an area-based
weighting scheme (Figure S3). An alternative counting method was used to calculate absolute
numbers of abstracts per country. All geo-locations that fell within a country (excluding continents
and marine regions) were counted, and the number of unique abstracts was calculated.

Bias analysis

Biases in research distributions were determined by comparing the distributions of four data cate-
gories: 1. Impact data, 2. Hydro-meteorologic station measurements, 3. Socio-economic data, 4.
Natural and anthropogenic features of the landscape. All datasets were transformed to the same
grid as the abstract data. For impact data, the international disaster database EM-DAT (CRED,
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2023b) was combined with the Geo-coded Disasters Database (GDIS) (Rosvold and Buhaug, 2021)
to create geo-located impact data. Hazard events are only considered for EM-DAT if certain impact
criteria based on severity are met. Getting accurate impact numbers for disaster events can be a
challenge (Guha-Sapir and Below, 2006), and many events are missing in EM-DAT, e.g., informa-
tion on the number of deaths and the number of people affected (Jones et al., 2022). Other impact
databases exist but have their own biases. A consolidated impact database from different sources
is currently missing (Wyatt et al., 2023). We therefore supplement our analysis by comparing it to
three additional disaster-specific, continually updated datasets commonly utilized by their respective
communities: the Dartmouth Flood Observatory (Brakenridge, 2023), the NASA global landslide
catalogue (Kirschbaum et al., 2010), and Global Fatal Landslide Database (Froude and Petley, 2018).
Both landslide databases focus on rainfall-induced landslides and are commonly used within the
landslide research community.

We compared measurement station data to the research distributions to determine where a lack
of data might be a factor in contributing to research gaps. We considered the distribution of stations
from the WMO Integrated Global Observing System (called OSCAR), GPCC precipitation stations,
the international soil moisture network (ISMN) (Dorigo et al., 2011), and a global streamflow
stations dataset (GSIM) (Do et al., 2018). We mainly refer to World Bank socio-economic indices
for socio-economic data, i.e., population (WorldPop, 2023), human development index (Kummu
et al., 2018), and the adaptive capacity measure by the Notre Dame Global Adaptation Initiative (ND-
GAIN) (Chen et al., 2015). We considered human footprint as a general measure of anthropogenic
impact (Venter et al., 2016), travel time to the nearest city above 100,000 inhabitants as a measure
of closeness to urban centers (Nelson et al., 2019). We used ESA World Cover for forest and crop
coverage (Zanaga et al., 2021), and precipitation (P), potential evapotranspiration (PET), and aridity
(PET /P) as measures of climate zone (Karger et al., 2017). A full list of datasets used, including
details and their references, can be found in the supplement (Table S1).

We used the Wasserstein distance (Kantorovich, 1960; Krabbenhoft et al., 2022; Schuhmacher
et al., 2023) as a measure of bias as it determines differences in variable distributions between
regions of high research density (> 75" percentile) and the entire world. The Wasserstein distance
is a measure of the absolute difference between cumulative distributions. We used the summarized
difference between cumulative distribution functions to consider the direction of bias (Stein et al.,
2021). A positive difference between distributions indicates that an increase in variable value leads to
an increase in research density. Where country-averaged values were used (e.g., for research density
or impact calculation, Figure 4), we used a weighted mean average based on the fraction of cells
covered by each country polygon. Country averages instead of total sums are used to compensate
for different country sizes.
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adaptive capacity data were taken from the Notre Dame Global Adaptation Initiative (https://gain.
nd.edu/our-work/country-index/). Population data was accessed at www.worldpop.org. The
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1 Supplemental Information

Section 1.1 gives an extend description of how the abstracts were chosen for further analysis. An
extended overview of the different steps taken to search for and annotate the abstracts is given in
Figure S1. The hydro-hazards terms used in the taxonomy are given in Table S1. The identified
abstracts and locations are further filtered using multiple steps as described below. The full filtering
statistics can be found in Figure S2.

Section 1.2 provides additional information on how research density was calculated including an
evaluation of the effect different grid types have on the final result. Section 1.3 offers additional
discussion on the identified research needs regions. Section 1.4, Table S3 shows detailed information
on all additional datasets (environmental, socio-economic, station data...) used for the bias analysis.
Section 1.5 finally provides additional figures on research distribution (Figures S5-S7), bias analysis
(Figures S8-S11), and research needs regions (Figures S12-S15).

1.1 Abstract search, annotation, and filtering

We used keyword-in-context validation for all identified river geo entities. It tests if river-related

" "

words were mentioned £ two words around the entity (including "river", "catchment", "basin",
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"creek", "stream", "watershed", "delta", "floodplain”, "channel", "estuary", "rio", "rio") to confirm
the named entity actually refers to the river. We excluded some of the world’s largest rivers, as their
names are well known enough to be mentioned in isolation (Nile, White Nile, Blue Nile, Danube,
Yangtze, Ganga, Ganges, Brahmaputra, Mekong, Volga, Indus, Elbe, Amazon, Thames, Rhone,
Rhine, Euphrates, Irrawaddy). Rio Grande was treated as specially as it is a common river name
in South and Central America. The choice which identified Rio Grande as the correct one was
made based on the co-mention of a country or federal state name. Similarly, all rivers and cities
were validated against the countries mentioned in the abstract. If a country was mentioned, but the
identified smaller location was not located in that country, it was excluded. We excluded very large
and well-known cities (e.g. Singapore, Delhi, Berlin) from this criterion.

Geo-entity matches that were manually excluded, since the word often did not refer to a
geolocation:

* "Mobile’

* ’Palmer’ (Palmer Drought Severity Index)

* ’Price’

* ’Progress’

* 'Independence’

* "Berea’ (type of sandstone misclassified as district in Lesotho)

* mentioned USA states, but misidentified in other countries, e.g. Florida in Uruguay, Maryland
in Liberia, Montana in Bulgaria, Victoria in Malta.

Matching between high-resolution Natural Earth shapefile data and geo-entities was performed
based on dictionary type. For example, lakes were matched with lakes outline data, provinces with
the states and provinces data, regions with the geographic regions data. Particularly geo-entities
from the dictionary types "continental regions" and "provinces" were often replaced by natural earth
features. A full overview of entity types and their Natural Earth data matching:

* Type ’Rivers’ was matched with ’Rivers and Lake Centerlines’
* Type 'Lakes’ was matched with "Lakes’
* Type ’Basins’ was matched with ’Regions’

* Type ’Regions’ was matched with *Physical region features’ supplemented by the regions
’Amazonia’ according to the Amazon river and "Arctic" according to the arctic circle.

* Type ’Marine Regions’ was matched with "Marine Areas’
* Type ’Provinces’ was matched with the ’States, Provinces’ data.
* Type *Countries’ were matched with ’Countries’.

* Type ’Continents’ were matched with the continental regions supplemented by regional
country aggregations, such as ’Central Africa’, ’Baltic States’, ’Latin America’ etc.
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1.2 Raster grid generation

We count hydro-hazards research density in two ways. Once as absolute count of number of abstracts
per country, and once as research per raster cell (of size 2.5 degrees over the global land area) as
demonstrated in Figure S3. For research per cell, we employ a weighted count (Callaghan et al.,
2021), that gives higher weight to smaller geographical entities, i.e. mentioning all of Europe will
only add a small value to the weighted count, compared to mentioning a river or a specific city
within Europe. The smaller geographical entity will be the more relevant study location. However,
we do not exclude the large entity (i.e. Europe), as large place names are more distinct and are less
likely to be homonyms.

Raster grids based on Latitude-Longitude separation have the problem, that grid cells closer to
the equator are larger than grid cells closer to the poles. We test if that difference has an effect on
our conclusions. Figure S4 shows the results of that comparison. While grid values based on an
equal area grid are in average only half as big as based on a Latitude-Longitude grid, this difference
is reproduced across all cells. The resulting patterns of highly researched regions stay the same (e.g.
compare Figure S4a and d).

1.3 Research needs regions extended

One consideration with the research focus region is that they are affected by individual historical
large-scale hazard events. For example, the large area with high flood impact in the northern United
States is mainly caused by a single flood event: The 2008 Midwest flood that affected over 11
million people. This problem is specific to EM-DAT which only includes the most disastrous events
based on strict threshold criteria. For comparison, we can also use different impact databases. In
Figure S14, we use the Dartmouth Flood Observatory (Brakenridge, 2023) number of displaced
people variable for flood impact, and the Global Fatal Landslide Database(Froude and Petley, 2018).
With different impact data, e.g. additional flood and landslide impact data, the earlier mentioned
regions based on EM-DAT impact data still remain a high priority for additional research, but several
new areas appear making the research focus regions even broader (Figure S14). For flood research,
e.g. Mali, Niger, and Chad become countries for further research. For landslides, several research
focus regions appear in Eastern Africa.
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» 1.4 Supplemental tables

Table S1. Hydro-hazard terms used in the taxonomy for hazard annotation.

Drought Hazard

Flood Hazard

Landslide Hazard

drought, water shortage, me-
teorological drought, agricul-
tural drought, hydrological

flood, coastal

flooding,flood damage, flash

flood, stormwater, urban

flood, fluvial

landslide, mudslide, rock-
slide, soil liquefaction, debris
flow

drought flood, outburst flood, plu-
vial flood, snowmelt flood,
ice jam flood, surface wa-
ter flood, localized flood,
groundwater flooding, dike
breach, flood defense failure
Table S2. Summary of Geo-entity Sources and Types
Source Type of Geo-entity ~ Description Link/Reference
Wikipedia Provinces, Larger First level coun- Subdivisions, Larger
Towns, Cities try sub-divisions, towns and cities
Towns and cities
with 100,000 inhabi-
tants or more
GitHub Smaller Cities Data on countries by Countries, Cities,
continent, city, capi- Capital Cities, Ab-
tal city, abbreviation  breviations
Encyclopedia Bri- Lakes, Rivers, Information on Rivers, Lakes
tannica Basins lakes and rivers

4/27



"SISA[eUR seIq Ay} JoJ pasn s)asejep a3ne3 AJIqe[IBAR BJEp PUB SONSLIJORIBYD OIWOUOII-0I00S PUB [BJUSWIUOIIAUD JO MAIAIAQ "€S d|qel

Anunoo 1ad ejep
S[qQR[IRAR JUIDAI JSOW SIS}
Anunoo 1ad vrep
S[qE[TEAR JUIIII ISOW SAS()
Anunoo 1ad vyep
9[qe[IeAR JUIDII ISOW SIS}
Anunoo 1ad vyep
Q[QR[IRAR JUSDAI JSOW SIS
Anunoo 1ad ejep
S[qQR[IRAR JUIDII JSOW SIS}
Anunoo 1ad vrep
S[qe[IRAR JUIDII ISOW SAS()
Anunoo 1ad eyep
9[qE[IeAR JUIDII ISOW SAS)
Anunoo 1ad vyep
Q[QR[IRAR JUSDI JSOW SIS
Anunoo 1ad ejep
S[qQR[IRAR JUIDII JSOW SIS}
Anunoo 1ad viep
S[qe[IEAR JUIIII ISOW SS()
Anunoo 1ad eyep
9[qE[IeAR JUIDII ISOW SAS)
Anunoo 1ad vyep
Q[QR[IRAR JUSDAI JSOUW SIS

vIRP JO SIBAK ()] “UIL (I SUODEIS [[V

JTeuonerado Apred,
1o euoneradQ,, smeis Suniodoy

Aypie 10y pasn

AnpLie 10J pasn

810C-191¢-81

1948-Q€22/LT6L'01/310'10p

S10"yueqpIoM BIED
S10"yueqpriom eIEp
S0 ueqpriom-eep
S10-uegppIom eIEp
S10"yueqpIom BIRp
S10"yueqprIom eIED
S0 ueqpriom-eep
S10-uegppIom eIEp
S10"yueqpIoM BIRD
S10"yueqprIom eIEp
S0 ueqpriom-eRp

S10-ueqppIom BIEp

JUS/YIE UWST
LLYL8Y VAVONVA/F6S1 01/310'10p
JH{UNY XPUL//20LLINS/JUT OWM TEISO

/SPRO[UMOP/310"dYRWI[O-BS[AYD

/SPEO[UMOP/SI10"dYRWI[O-BS[AYD

0f1IP"PeAIP/1905°01/310'0p

L¥900d M/NOLOS/8STS 01/10P

RUU/615°01/310'10p

$-69T0-610-L6SIHS/8€01°01:10P
9€61LSS OPOULZ/I8TS 01 :10P

SbzgopeAIp/1905°01:10p

0ST TTOTA™ I INI'TO/DDdD ™ AMA/9LIS 0T

10a

(1202) Sneyng pue ploasoy
9QIBpPWI MMM

wnidjog ‘sjassnig
‘UIRANOTDN / AHYD LVA-NA

(zz9

NIAST suoneio a[dnnu

(8102) 210 0Q

(sSIMSO0RIN) ASojorewn )

pue £30[0109)3JA] JO DY [2I2PI] pue

(OINM) uoneziuesiQ [ed130[0I0IA] PIHHOM

(810T ‘L10T) '[# 12 1o31ey

(810T “L10T) "[e 12 Jorey|

(810) "Te 12 nurwny
aure( 2NN
sureq anoN

(£202) dodpriom
(£207) d8pLuayerg
(8107) £apad pue apnoig

(0102) T2 12 wnequasITy
(6102) ‘T2 12 UOS]ON
(1700) "2 32 eeuez,

(9107) T2 12 10IUA

(2207) "2 10 1orwalsmy
ERICIEIEN|

81020961

Tr-0sel

(L107 :9Se1oae) dqeLeA
(L107 :98e10AR) 9[qELIBA
(0T0T :95e10AR) Q[quLIEA
(L10 :9Se1oAr) dquLIeA
(120¢ :98e10AR) S[qeLIEA

(1207 :98e10AR) 9[qeLIBA

(1207 :98e10AR) 9[quLIBA
(L10¢ :98e10AR) S[qeLIRA
(S107 :9Seraae) dqeLIRA
1020 :98eIoAR) d]qeLIeA
(0T0T :95e10AR) Q[quLIBA

(ZT0T :98e1aAr) S[qeLIeA

€T0T €01 :Passaddy
910"

£20T-

S10T

120c

120c

020c
T-e86l
910T - ¥00T

T Lo0T
S10T
020T

600C

020T-1661
pourad auury,

uo3Ajod

SIAAd [6ZS  uo3Kjodputod

[9A9] Anunod
[2A9] Anunod
[2A9] Anunod
[9A9] Anunod
[9A9] Anunod
[2A3] Anunod
[2A9] Anunod
[9A9] Anunod
[9A9] Anunod
[2A3] Anunod
[2A9] Anunod

[9A9] Anunod
SuoneIS €067 wutod
suone)s 9169z uosKjodpurod

swtod g0G 1 [ yutod

nurw-ore ¢

nurw-ore ¢

nurw-ore ¢
cuy [
uo3Kjod
jutod

SIUGAD (O[S
SIUAD ()6HS

SOPIISPUE] £196€ Jurod
iy |
wQr
|
ST
uonn[osay

ddanio %

ordoad uoryjiu 1od

%

©AIR PUE] [£10) JO 9
pue| [eIM[NOLISE [£10) JO 9
(®a1e puey jo )

$SN 21N

ww

wu

[oxid 1od ojdoog
paseydsip ajdoad jo sequnN
pa[y ordoad jo raquinN

Pa[[oAeL) SAIMUIA
1195 1od puejdod uonoesy

$OL10591L9 dLIOWNN

1199 pud 1ad saSnen
nun

aseqeie( SIAISLSI(] PIPO0ID)

aseqeie( S1uAAY Kouddiows

eje( yueq pHopm
eIR( YUY PHOA
®IR( Yueq PHOA
ejeq yueq pHopm
ele( yueq prop
eIR( YUY PHOA
®IR( Yueq PHOA
ere yueq pHoM
vle( yueq prop
eIR( YUY PHOA
®IR( Yueq PHOA

wIeq Yueg pHop
FIOMIAN UNISIOJA] [I0S [RUOTIRUISIU]
QAIYOIY BIEPEISJA PUB MOJJWRAINSG [2qO[D)
(4VDSO)

100, Ma1AdY pue sisk[euy Ajiqede) swoiskg
BUIAISQO A UL (SODIM) SUONRIS WANSKS

Bu1A195qQ [qO[D) PAIRISAU] OINM
VSTdHD

VSTAHO

uonesrqng eeq
Anpiqeiougna xopuy Anuno) ure (N

Aioede) aandepy xopuy Anuno) uren QN

dogpriom

SPOO[] 25187 JO QAIYDIY JANOY

Kapad pue apnoiq anSo[eied aprspue|
Kaonsoday aprispue

auruQ uadQ aaneradoo) VSYN

uonearqngd e
00TA 12A0D PHOM VSH

uonesrqng weq

D20dD
jeseieg

S1an

Lva-wd

dampuadxa Juawdo[aAdp pue YoIeasay

XY Ul SIYOIRISTY

sa[onIe [euInol [ed1UYd3) pue OYNULAIOS

Qwoour ueIpaw Jo uddsad (g
mofaq Surarf ojdoad jo uontodoig

Aewnsy :uondniio) jo jonuo)y

QBWNSH :SSIUIATIIIIH WUSWUIIAOD)

QRWINSH :WSLIOLIL /AIUI[OIA JO
20uasqy pue A[IqeIs [eontoq

Xaput wio

SI9)oW G MO[aq ST
UONBAJ[D IdYM BIIE puBR]

pue| pajeSLul [eImnousy
pue[ [eIMMOUSY

daon
suone)s 2IMsIow 10§
suonel§ WISD

suonels OINM AVISO

uonexndsuenodeas [enuajoq

uoneydroarg

xopu[ 1uawdo[oAd(] uewny
Anpiqerounp

Kyoede) aandepy
uonendog

K1018A125QQ) POO[ YInowreq
paroapye djdoad aprspue

VSVN 29U2LINI0 dpI[spue |

adoad 000 001< 110
1Sa1B3U ) 0) W) [dARI],

puedor)

yundioo,] uewny

Ansuaqg uoners uonendoarg
Jqqeirep

ordwy

ordwy

SIWOU029-01908
JIWOU02-01908
JIWOU0II-0100§
SIWOU0I-0100S
SIWOU029-01908
JIWOU02-01908
JIWOU0II-0190§
SIUWOU0I-0100S
SIWOU029-0190§
JIWOU02-01908
JIWOU0II-0100§

SIWOU0I-0100S

Aniqereae eeq
Anpiqereae ereq

Anpqepreae ereq

owaodonpue
-[BJUQWIUOITAUF
owaSodonpue
-[PIUSIUOIIAUT
SIWOU099-01908
SIWOU029-01908
SIWOU02-0190S
SIWOU02-01908
ordwy

orduwy

orduy

safodoryue
-[BIURWIUOIIAU
owadodonyue
-[eIUSWIUOIIAUE
owaodonpue
-[elUaWIUOIIAUY
Aniqereae ereq
K103a12)

5/27



80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

©

9

References to the International Soil Network and all its contributing networks: Al-Yaari et al.
(2018); Albergel et al. (2008); Alday et al. (2020); Ardo (2013); Bell et al. (2013); Beyrich and
Adam (2007); Biddoccu et al. (2016); Bircher et al. (2012); Bloschl et al. (2016); Bogena et al.
(2018, 2012); Bogena (2016); Brocca et al. (2009, 2008, 2011); ?); Calvet et al. (2016, 2007);
Canisius (2011); Capello et al. (2019a,b); Cappelaere et al. (2009); Chen et al. (2015a,b); Cook
(2016, 2018); Darouich et al. (2022); Dente et al. (2012); Dorigo et al. (2013, 2021); Flammini et al.
(2018a,b); Fuchsberger et al. (2021); Galle et al. (2015); Gonzalez-Zamora et al. (2019); Hajdu et al.
(2019); Hollinger and Isard (1994); Ikonen et al. (2016, 2018); ?); Jackson et al. (2011); Jensen and
Refsgaard (2018); Jin et al. (2014); Kang et al. (2019, 2014); Kirchengast et al. (2014); Larson et al.
(2008); Leavesley (2010); Lebel et al. (2009); Liu et al. (2001); Loew et al. (2009); Marczewski
et al. (2010); Mattar et al. (2014, 2016); MOGHADDAM et al. (2016); Moghaddam et al. (2011);
Morbidelli et al. (2011, 2017, 2014); Mougin et al. (2009); Musial et al. (2016); Nguyen et al. (2017);
Ojo et al. (2015); Osenga et al. (2019, 2021); Peischl et al. (2012); Pellarin et al. (2009); Petropoulos
and McCalmont (2017); Raffelli et al. (2017); Robock et al. (2000); Rosnay et al. (2009); Riidiger
et al. (2007); Schaefer et al. (2007); Schlenz et al. (2012); Shuman et al. (2010); Smith et al. (2012);
Suetal. (2011); Tagesson et al. (2014); Van Cleve et al. (2015); Vreugdenhil et al. (2013); Wigneron
et al. (2018); Xaver et al. (2020); Yang et al. (2013); Young et al. (2008); Zacharias et al. (2011);
Zappa et al. (2019, 2020); Zhang et al. (2018); Zhao et al. (2020); Zheng et al. (2022); Zreda et al.
(2012, 2008)

1.5 Supplemental Figures
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. . - . .
Abstract Filtering . Entity into
Database Annotation .
Coordinates
( ) (" Tool Used: Nominatim for
. Identification: Pinpointing geo- geocoding.
Data Basis: Utilization of Process: Extracting hydrohazard- entities in the abstract. Alternative: Natural Earth Data
Semantic Scholar. specific abstracts using a term match
! query in Lucene syntax.
/ / Annotation: Adding type and Proggss: Lfnking articlevgeo-
- entities with geographical
( 3 ( related geo-entities to JSON. coordinates using OSM data.
Tool Used: Deep Search for Outcome: 610,000 relevant Sources: Geographic specific Ambiguity Handling: Selection
ingesting and analyzing data. articles in JSON format. taxonomy from Wikipedia, and ranking of entities based on
GitHub, and Encyclopedia the bounding box size and OSM
Britannica. importance value.
J J
. . . &
Search_query: Geo Dictionaries
landslide* OR mudslide* OR rockslide* neities":
OR flood* OR drought* OR rockfall* o,
{"_name": "fluvial flood", "_synonyms":
al
IIIIII ’ dings"], "subtype": . 727

Fig. S1. Overview of methodological steps for the abstract search, annotation and geolocation.
The abstract database (Kinney et al., 2023) was processed using DeepSearch (Auer et al., 2022;
Pyzer-Knapp et al., 2022; Staar et al., 2018).
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Records identified from: Abstracts removed before screening:

Deep Search (n = 610 000) * No geolocation annotated (n =237,181)

* Identified language not English (n = 18,632)

¢ Article subject irrelevant (n = 6,751)

* Published before 1950 (n = 3,740)

¢ Missing climate hazards (n = 31,489)*

¢ More than 25% of abstract is special characters (n =
1,371)

A\ 4

Records screened: Abstracts excluded based on location checks:

(n=310,836) * Location match followed by “et al” indicating citation
(n=191)

* Rio Grande provinces misidentified as province (n = 252)

* Geo entity of type rivers excluded based on keyword-in-
context (n = 22,436)

* Non-location geo entity matches (n = 2,439)**

* No geolocation possible via Nominatim or Natural Earth
data (n = 863)

A 4
Records screened: Abstracts excluded based on hazard checks:
(n=303,639) * Only other climate annotations besides flood, drought
and landslide hazards found (n = 6,203)
* Hazard terms not relevant (e.g. “aridity”)
(n = 4,280)

A\ 4

Records included in review:
n=293,156

Drought n = 109,679

Flood n=171,027
Landslide n = 41,931

*missing due to

* lIrrelevant search term, e.g. “floodplain” (n = 11,861) or authors with surname “Flood”

* Missed annotation due to connected terms, e.g. “"
flooded”...

* Missing from dictionary, e.g. “floodgate”, “floodwater”, “Droughtmaster”...

" u

temperature/drought”, “drought-prone”, “water-

** "Mobile", "Palmer", "Price", "Berea", "Progress", "Independence"

Fig. S2. Overview of extracted abstract numbers and filtering statistics. Any numbers reported
refer to entire abstracts. Filters that did not affect the total number of abstracts (e.g. duplicate
location matches) are not shown, but described in the supplemental methods section. This
overview follows the PRISMA flow diagram chart (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses, Page et al., 2021).
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a|"Assessment of flood recession agriculture for food security in : An optimization modelling approach. Abstract Food
insecurity is a recurrent problem in northern [(iERRE!. Food grown during the rainy season is often insufficient to meet household food
needs, with some households experiencing severe food insecurity for up to five months in a year. Flood recession agriculture (FRA) — an
agricultural practice that relies on residual soil moisture and nutrients left by receding flood water — is ordinarily practiced by farmers
along the floodplains of the in northern under low-input low-output conditions. Opportunities abound to
promote highly productive FRA as a means of extending the growing season beyond the short rainy season (from May to September) into
the dry season and thereby increase household income and food security of smallholder farmers. This study uses an optimization
modelling approach to explore this potential by analyzing the crop mix and agricultural water management options that will maximize
household income and enhance food security. Results indicate that growing cowpea, groundnut and melon under residual-moisture
based FRA and high value crops (onion, pepper, and tomato) under supplementary irrigation FRA maximize household income and food
security. The cash income from the sale of FRA crops was sufficient to purchase food items that ensure consumption smoothing during
the food-insecure months. The study concludes that the full potential of FRA will be realized through a careful selection of crop mixtures
and by enhancing access of farmers to improved seeds, integrated pest management and credit and mainstreaming FRA through targeted
policy interventions and institutional support."

f
Northern Ghana . . .
(Bounding Box) Volta Region Total abstract weights normalised
16°N 16°N
14°N 14°N 16°N
o 12N s _ 12°N
S 10N T S 10N
8°N | 8°N 14°N
6°N 0 6°N 0 .
4N 4N Cell Weight
6°WIPVR°W 0° 2°E4°E6°E 6°\W°V2°W 0° 2°E4°E6°E 125N 1.00
Lon Lon 075
d e S ..
: : o 0.50
White Volta River Ghana 10N
(Bounding Box) 0.25
16°N 16°N 8°N 0.00
14°N 14°N
L 12°N _ 12°N
S 1N . S 10N ! 6°N
8°N 8°N
6°N L 6°N | S 4N
4°N 4°N ° ©
6°W°VR°W 0° 2°E4°E6°E 6°W°VR2°W 0° 2°E4°E6°E 6w aw 2w 0 2E 4B 6°F
Lon
Lon Lon

Fig. S3. Schematic for single abstract processing. a, Abstract (Balana et al., 2019) with
annotated hazards (grey) and geolocations (blue), b-e, geo entity polygon (red) with underlying
raster weights. b, bounding box of Open Street Map entity. c-e, polygons/bounding box extracted
from Natural Earth Data. Rivers extracted as bounding boxes for vague estimate of catchment. e,
for country shapes, each cell is weighted according to the fraction covered by its shape. f, Sum of
raster b-e, divided by the total sum of all cells to normalise the raster for each abstract to a sum of
1. This ensures comparable weights between abstract rasters, independent of the number of
geo-entities tagged.
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Fig. S4. Comparison between research density for drought research between a, a
latitude-longitude grid (2.5°) and d, an equal area (EA) grid (EPSG: 6933). For plotting purposes
the lat/long grid was transformed to equal area as well. b, and e, highly researched regions

(> 75t percentile), ¢, and f, the value histogram for the global maps. g, is the difference between
the LatL.ong-based grid and the EA based grid. h, plots the LatL.ong grid values against the EA
grid values. For comparison a line with a slope of 1 (solid) and 0.5 (dashed) is added. i, shows the
ration between the two grids.
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Fig. S5. Distribution of highly researched (> 75" quantile) regions for drought, flood and
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Fig. S6. Number of abstracts per country for all abstracts tagged for a, drought, b flood, c,
landslides. Double counts for multi-hazard mentions are possible. Not counted in this figure are
coverages from continental regions, e.g Central America, Africa, Europe.
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Fig. S8. Comparison of climate, land, gauging data and socio-economic characteristics between
regions of high research (> 75" quantile) and the entire land area. Distribution difference
measured as Wasserstein distance (Krabbenhoft et al., 2022). Higher values indicate a stronger
bias. A positive (negative) distribution difference indicates more (less) research with increasing
characteristic.
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Fig. S9. Cumulative distribution functions for environmental and anthropogenic characteristics
split into regions with higher (> 75" quantile) and lower (< 75" quantile) research density in

comparison to all land area.
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Fig. S10. Cumulative distribution functions for data density for various gauging datasets split

into regions with higher (> 75" quantile) and lower (< 75" quantile) research density in
comparison to all land area.
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Fig. S12. EMDAT impact data. Number of people affected per grid cell for a, Droughts, b,
Floods, ¢, Landslides
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Most researched countries Most impacted countries
Drought Drought

India India

0
Iran 1,161,051
China 2,587,512
Ethiopia 6,237,515

Germany Ethiopia 6,237,515
Uganda 5,775,916
Kenya 4,703,281

Yemen 4,349,857

Flood Flood

United Kingdom 19,405 Bangladesh
Germany 174,576 India 11,354,411
Bangladesh China 10,046,167
Netherlands Nepal 9,790,832
Switzerland Bhutan 4,951,340
Landslide Landslide
Taiwan 36 India
ltaly 1,307 Nepal 35,876
Switzerland 1,028 Brazil 34,974
Austria 770 China 24,781
Slovenia 0 Afghanistan 22,124
1 0.5 0 0.5 1 1 0.5 0 0.5 1
Normalised impact  Normalised research Normalised impact  Normalised research

Fig. S13. Most researched (according to average research density) vs most impacted countries
and their research (red) compared to their impact (blue) comparison. Numbers on the impact bars
indicate the number of affected people per country according to EM-DAT
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Fig. S14. Research needs regions. Most relevant for future research are regions with low
research and high impact (dark red). Splits based on 75" quantile of research and impact. Impact
here varies between hazards. Drought: Number of people affected (EM-DAT). Flood: Number of
people displaced (Dartmouth Flood Observatory, (Brakenridge, 2023)), Landslide: Number of
fatalities (Froude and Petley, 2018).
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Fig. S15. Country-averaged number of affected people against the distribution of the research
density, averaged over all cells per country and separated by World Bank income levels
(according to 2021 income classes) (World Bank, 1978). Each dot corresponds to one country.
For a distinction by hazard refer to Figure 4.

19/27



100

101

102

103

104

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

References

Al-Yaari, A., Dayau, S., Chipeaux, C., Aluome, C., Kruszewski, A., Loustau, D., and Wigneron, J.-P.
(2018). The AQUI Soil Moisture Network for Satellite Microwave Remote Sensing Validation in
South-Western France. Remote Sensing, 10(11).

Albergel, C., Riidiger, C., Pellarin, T., Calvet, J.-C., Fritz, N., Froissard, F., Suquia, D., Petitpa,
A., Piguet, B., and Martin, E. (2008). From near-surface to root-zone soil moisture using
an exponential filter: An assessment of the method based on in-situ observations and model
simulations. Hydrology and Earth System Sciences, 12.

Alday, J. G., Camarero, J. J., Revilla, J., and Resco de Dios, V. (2020). Similar diurnal, sea-
sonal and annual rhythms in radial root expansion across two coexisting Mediterranean oak
species. Tree Physiology, 40(7):956-968. _eprint: https://academic.oup.com/treephys/article-
pdf/40/7/956/33446120/tpaa041.pdf.

Ardo, J. (2013). A 10-Year Dataset of Basic Meteorology and Soil Properties in Central Sudan.
Dataset Papers in Geosciences [data set], 2013.

Auer, C., Dolfi, M., Carvalho, A., Berrospi, C., and Staar, P. W. J. (2022). Delivering Document
Conversion as a Cloud Service with High Throughput and Responsiveness. In 2022 IEEE 15th
International Conference on Cloud Computing (CLOUD), pages 363-373.

Balana, B. B., Sanfo, S., Barbier, B., Williams, T., and Kolavalli, S. (2019). Assessment of flood
recession agriculture for food security in Northern Ghana: An optimization modelling approach.
Agricultural Systems, 173:536-543.

Bell, J., Palecki, M., Baker, B., Collins, W., Lawrimore, J., Leeper, R., Hall, M., Kochendorfer, J.,
Meyers, T., Wilson, T., and Diamond, H. (2013). U.S. Climate Reference Network Soil Moisture
and Temperature Observations. Journal of Hydrometeorology, 14:977-988.

Beyrich, F. and Adam, W. (2007). Site and Data Report for the Lindenberg Reference Site in CEOP
- Phase 1, Berichte des Deutschen Wetterdienstes, 230, Offenbach am Main, 2007.

Biddoccu, M., Ferraris, S., Opsi, F., and Cavallo, E. (2016). Long-term monitoring of soil manage-
ment effects on runoff and soil erosion in sloping vineyards in Alto Monferrato (North West Italy).
Soil and Tillage Research, 155:176—189.

Bircher, S., Skou, N., Jensen, K., Walker, J., and Rasmussen, L. (2012). A soil moisture and
temperature network for SMOS validation in Western Denmark. Hydrology and Earth System
Sciences, 16.

Bloschl, G., Blaschke, A. P., Broer, M., Bucher, C., Carr, G., Chen, X., Eder, A., Exner-Kittridge,
M., Farnleitner, A., Flores-Orozco, A., Haas, P., Hogan, P., Kazemi Amiri, A., Oismiiller, M.,
Parajka, J., Silasari, R., Stadler, P., Strauss, P., Vreugdenhil, M., Wagner, W., and Zessner, M.
(2016). The Hydrological Open Air Laboratory (HOAL) in Petzenkirchen: a hypothesis-driven
observatory. Hydrology and Earth System Sciences, 20(1):227-255.

Bogena, H., Kunkel, R., Piitz, T., Vereecken, H., Kruger, E., Zacharias, S., Dietrich, P., Wollschliger,
U., Kunstmann, H., Papen, H., Schmid, H., Munch, J., Priesack, E., Schwank, M., Bens, O.,
Brauer, A., Borg, E., and Hajnsek, 1. (2012). TERENO - Long-term monitoring network for
terrestrial environmental research. Hydrologie und Wasserbewirtschaftung, 56:138—143.

Bogena, H., Montzka, C., Huisman, J., Graf, A., Schmidt, M., Stockinger, M., von Hebel, C.,
Hendricks-Franssen, H., van der Kruk, J., Tappe, W., Liicke, A., Baatz, R., Bol, R., Groh, J., Piitz,
T., Jakobi, J., Kunkel, R., Sorg, J., and Vereecken, H. (2018). The TERENO-Rur Hydrological
Observatory: A Multiscale Multi-Compartment Research Platform for the Advancement of
Hydrological Science. Vadose Zone Journal, 17(1):180055.

20/27



145

146

147

148

149

150

151

152

153

154

157

158

159

160

161

162

163

164

165

166

167

171

172

173

174

175

176

177

178

179

180

181

182

184

185

186

187

188

189

190

Bogena, H. R. (2016). TERENO: German network of terrestrial environmental observatories.
Journal of large-scale research facilities JLSRF, 2:A52.

Brakenridge, G. (2023). Global Active Archive of Large Flood Events. Dartmouth Flood Observatory,
University of Colorado, USA. Last accessed: 28.06.2023.

Brocca, L., Hasenauer, S., Lacava, T., Melone, F., Moramarco, T., Wagner, W., A, D., Matgen, P.,
Martinez-Fernandez, J., Llorens, P., Latron, J., Martin, C., and Bittelli, M. (2011). Soil moisture
estimation through ASCAT and AMSR-E sensors: An intercomparison and validation study
across Europe. Remote Sensing of Environment, 115:3390-3408.

Brocca, L., Melone, F., and Moramarco, T. (2008). On the estimation of antecedent wetness
condition in rainfall-runoff modeling. Hydrological Processes, 22:629-642.

Brocca, L., Melone, F., Moramarco, T., and Morbidelli, R. (2009). Antecedent wetness conditions
based on ERS scatterometer data. Journal of Hydrology, 364(1-2):73—87. Publisher: Elsevier.
Callaghan, M., Schleussner, C.-F., Nath, S., Lejeune, Q., Knutson, T. R., Reichstein, M., Hansen,
G., Theokritoff, E., Andrijevic, M., Brecha, R. J., Hegarty, M., Jones, C., Lee, K., Lucas, A., van
Maanen, N., Menke, 1., Pfleiderer, P., Yesil, B., and Minx, J. C. (2021). Machine-learning-based
evidence and attribution mapping of 100,000 climate impact studies. Nature Climate Change,

11(11):966-972.

Calvet, J.-C., Fritz, N., Berne, C., Piguet, B., Maurel, W., and Meurey, C. (2016). Deriving
pedotransfer functions for soil quartz fraction in southern France from reverse modeling. SOIL,
2(4):615-629.

Calvet, J.-C., Fritz, N., Froissard, F., Suquia, D., Petitpa, A., and Piguet, B. (2007). In situ soil
moisture observations for the CAL/VAL of SMOS: the SMOSMANIA network. In 2007 IEEE
International Geoscience and Remote Sensing Symposium, pages 1196—1199.

Canisius, F. (2011). Calibration of Casselman, Ontario Soil Moisture Monitoring Network, Agricul-
ture and Agri-Food Canada, Ottawa, ON, 37pp.

Capello, G., Biddoccu, M., Ferraris, S., and Cavallo, E. (2019a). Effects of tractor passes on
hydrological and soil erosion processes in tilled and grassed vineyards. Water, 11(10):2118.
Publisher: MDPI.

Capello, G., Biddoccu, M., Ferraris, S., and Cavallo, E. (2019b). Effects of Tractor Passes on
Hydrological and Soil Erosion Processes in Tilled and Grassed Vineyards. Water, 11(10):2118.
Publisher: MDPI AG.

Cappelaere, B., Descroix, L., Lebel, T., Boulain, N., Ramier, D., Laurent, J.-P., Favreau, G.,
Boubkraoui, S., Boucher, M., Moussa, 1., Chaffard, V., Hiernaux, P., Issoufou, H. B.-A., Breton,
E., Mamadou, I., Nazoumou, Y., Oi, M., Ottle, C., and Quantin, G. (2009). The AMMA-CATCH
experiment in the cultivated Sahelian area of south-west Niger , Investigating water cycle response
to a fluctuating climate and changing environment. Journal of Hydrology, 375:34-51.

Chen, N., Xiao, C., Pu, F., Wang, X., Wang, C., Wang, Z., and Gong, J. (2015a). Cyber-Physical
Geographical Information Service-Enabled Control of Diverse In-Situ Sensors. Sensors (Basel,
Switzerland), 15:2565-92.

Chen, N., Zhang, X., and Wang, C. (2015b). Integrated open geospatial web service enabled
cyber-physical information infrastructure for precision agriculture monitoring. Computers and
Electronics in Agriculture, 111:78-91.

Cook, D. (2018). Surface Energy Balance System (SEBS) Instrument Handbook.

Cook, D. R. (2016). Soil Temperature and Moisture Profile (STAMP) System Handbook.

Darouich, H., Ramos, T. B., Pereira, L. S., Rabino, D., Bagagiolo, G., Capello, G., Simionesei,
L., Cavallo, E., and Biddoccu, M. (2022). Water Use and Soil Water Balance of Mediterranean

21/27



191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

Vineyards under Rainfed and Drip Irrigation Management: Evapotranspiration Partition and Soil
Management Modelling for Resource Conservation. Water, 14(4):554. Publisher: MDPI.

Dente, L., Su, Z., and Wen, J. (2012). Validation of SMOS soil moisture products over the Maqu
and Twente regions. Sensors, 12(8):9965-9986. Publisher: Molecular Diversity Preservation
International.

Do, H. X., Gudmundsson, L., Leonard, M., and Westra, S. (2018). The Global Streamflow Indices
and Metadata Archive (GSIM) — Part 1: The production of a daily streamflow archive and
metadata. Earth System Science Data, 10(2):765-785. Publisher: Copernicus GmbH.

Dorigo, W., Himmelbauer, 1., Aberer, D., Schremmer, L., Petrakovic, 1., Zappa, L., Preimesberger,
W., Xaver, A., Annor, F., Ardo, J., and others (2021). The International Soil Moisture Network:
serving Earth system science for over a decade. Hydrology and earth system sciences, 25(11):5749—
5804. Publisher: Copernicus GmbH.

Dorigo, W., Xaver, A., Vreugdenhil, M., Gruber, A., Dostdlova, A., Sanchis-Dufau, A. D., Zamojski,
D., Cordes, C., Wagner, W., and Drusch, M. (2013). Global Automated Quality Control of In
Situ Soil Moisture Data from the International Soil Moisture Network. Vadose Zone Journal,
12(3):vzj2012.0097.

Flammini, A., Corradini, C., Morbidelli, R., Saltalippi, C., Picciafuoco, T., and Giraldez, J. V.
(2018a). Experimental analyses of the evaporation dynamics in bare soils under natural conditions.
Water resources management, 32(3):1153-1166. Publisher: Springer.

Flammini, A., Morbidelli, R., Saltalippi, C., Picciafuoco, T., Corradini, C., and Govindaraju, R. S.
(2018b). Reassessment of a semi-analytical field-scale infiltration model through experiments
under natural rainfall events. Journal of Hydrology, 565:835-845. Publisher: Elsevier.

Froude, M. J. and Petley, D. N. (2018). Global fatal landslide occurrence from 2004 to 2016. Natural
Hazards and Earth System Sciences, 18(8):2161-2181. Publisher: Copernicus GmbH.

Fuchsberger, J., Kirchengast, G., and Kabas, T. (2021). WegenerNet high-resolution weather and
climate data from 2007 to 2020. Earth System Science Data, 13(3):1307-1334.

Galle, S., Grippa, M., Peugeot, C., Bouzou Moussa, 1., Cappelaere, B., Demarty, J., Mougin,
E., Lebel, T., and Chaffard, V. (2015). AMMA-CATCH a Hydrological, Meteorological and
Ecological Long Term Observatory on West Africa : Some Recent Results. In AGU Fall Meeting
Abstracts, volume 2015, pages GC42A-01.

Gonzalez-Zamora, , Sanchez, N., Pablos, M., and Martinez-Fernandez, J. (2019). CCI soil moisture
assessment with SMOS soil moisture and in situ data under different environmental conditions
and spatial scales in Spain. Remote Sensing of Environment, 225:469-482.

Hajdu, 1., Yule, I., Bretherton, M., Singh, R., and Hedley, C. (2019). Field performance assess-
ment and calibration of multi-depth AquaCheck capacitance-based soil moisture probes under
permanent pasture for hill country soils. Agricultural Water Management, 217:332-345.

Hollinger, S. and Isard, S. (1994). A Soil Moisture Climatology of Illinois. Journal of Climate,
7:822-833.

Ikonen, J., Smolander, T., Rautiainen, K., Cohen, J., Lemmetyinen, J., Salminen, M., and Pulliainen,
J. (2018). Spatially distributed evaluation of ESA CCI Soil Moisture products in a northern boreal
forest environment. Geosciences, 8(2).

Ikonen, J., Vehvildinen, J., Rautiainen, K., Smolander, T., Lemmetyinen, J., Bircher, S., and
Pulliainen, J. (2016). The Sodankyld in-situ soil moisture observation network: an example
application to Earth Observation data product evaluation. Geoscientific Instrumentation, Methods
and Data Systems, 5(1):95-108.

Jackson, T., Cosh, M., Bindlish, R., Starks, P., Bosch, D., Seyfried, M., Goodrich, D., Moran,

22/27



237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

261

262

263

264

265

266

267

268

269

270

271

272

273

274

276

277

278

279

280

281

282

M., and Du, J. (2011). Validation of Advanced Microwave Scanning Radiometer Soil Moisture
Products. Geoscience and Remote Sensing, IEEE Transactions on, 48:4256—4272.

Jensen, K. H. and Refsgaard, J. C. (2018). HOBE: The Danish Hy-
drological Observatory. Vadose Zone Journal, 17(1):180059. _eprint:
https://acsess.onlinelibrary.wiley.com/doi/pdf/10.2136/vzj2018.03.0059.

Jin, R., Li, X, Yan, B., Li, X., Luo, W.,, Ma, M., Guo, J., Kang, J., Zhu, Z., and Zhao, S. (2014). A
Nested Ecohydrological Wireless Sensor Network for Capturing the Surface Heterogeneity in the
Midstream Areas of the Heihe River Basin, China. IEEE Geoscience and Remote Sensing Letters,
11(11):2015-2019.

Kang, C. S., Kanniah, K. D., and Kerr, Y. H. (2019). Calibration of SMOS soil moisture retrieval
algorithm: A case of tropical site in Malaysia. IEEE Transactions on Geoscience and Remote
Sensing, 57(6):3827-3839. Publisher: IEEE.

Kang, J., Li, X., Jin, R., Ge, Y., Wang, J., and Wang, J. (2014). Hybrid Optimal Design of the
Eco-Hydrological Wireless Sensor Network in the Middle Reach of the Heihe River Basin, China.
Sensors, 14(10):19095-19114.

Karger, D. N., Conrad, O., Bohner, J., Kawohl, T., Kreft, H., Soria-Auza, R. W., Zimmermann,
N. E., Linder, H. P,, and Kessler, M. (2017). Climatologies at high resolution for the earth’s land
surface areas. Scientific Data, 4(1):170122. Number: 1 Publisher: Nature Publishing Group.

Karger, D. N., Conrad, O., Bohner, J., Kawohl, T., Kreft, H., Soria-Auza, R. W., Zimmermann,
N. E., Linder, H. P., and Kessler, M. (2018). Data from: Climatologies at high resolution for the
earth’s land surface areas. Artwork Size: 7266827510 bytes Pages: 7266827510 bytes.

Kinney, R., Anastasiades, C., Authur, R., Beltagy, 1., Bragg, J., Buraczynski, A., Cachola, I., Candra,
S., Chandrasekhar, Y., Cohan, A., Crawford, M., Downey, D., Dunkelberger, J., Etzioni, O., Evans,
R., Feldman, S., Gorney, J., Graham, D., Hu, F., Huff, R., King, D., Kohlmeier, S., Kuehl, B.,
Langan, M., Lin, D., Liu, H., Lo, K., Lochner, J., MacMillan, K., Murray, T., Newell, C., Rao,
S., Rohatgi, S., Sayre, P., Shen, Z., Singh, A., Soldaini, L., Subramanian, S., Tanaka, A., Wade,
A. D., Wagner, L., Wang, L. L., Wilhelm, C., Wu, C., Yang, J., Zamarron, A., Zuylen, M. V., and
Weld, D. S. (2023). The Semantic Scholar Open Data Platform. _eprint: 2301.10140.

Kirchengast, G., Kabas, T., Leuprecht, A., Bichler, C., and Truhetz, H. (2014). WegenerNet:
A Pioneering High-Resolution Network for Monitoring Weather and Climate. Bulletin of the
American Meteorological Society, 95:227 — 242. Publisher: American Meteorological Society.

Kirschbaum, D. B., Adler, R., Hong, Y., Hill, S., and Lerner-Lam, A. (2010). A global landslide
catalog for hazard applications: method, results, and limitations. Natural Hazards, 52(3):561-575.

Krabbenhoft, C. A., Allen, G. H., Lin, P, Godsey, S. E., Allen, D. C., Burrows, R. M., DelVecchia,
A. G., Fritz, K. M., Shanafield, M., Burgin, A. J., Zimmer, M. A., Datry, T., Dodds, W. K., Jones,
C. N., Mims, M. C., Franklin, C., Hammond, J. C., Zipper, S., Ward, A. S., Costigan, K. H.,
Beck, H. E., and Olden, J. D. (2022). Assessing placement bias of the global river gauge network.
Nature Sustainability, pages 1-7. Publisher: Nature Publishing Group.

Kummu, M., Taka, M., and Guillaume, J. H. A. (2018). Gridded global datasets for Gross Domestic
Product and Human Development Index over 1990-2015. Scientific Data, 5(1):180004. Number:
1 Publisher: Nature Publishing Group.

Larson, K., Small, E., Gutmann, E., Bilich, A., Braun, J., Zavorotny, V., and Larson, C. (2008). Use
of GPS receivers as a soil moisture network for water cycle studies. Geophysical Research Letters
- GEOPHYS RES LETT, 35(24).

Leavesley (2010). A Modelling Framework for Improved Agricultural Water-Supply Forecasting.

Lebel, T., Cappelaere, B., Galle, S., Hanan, N., Kergoat, L., Levis, S., Vieux, B., Descroix, L.,

23/27



283

284

285

286

287

288

289

290

291

292

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

Gosset, M., Mougin, E., Peugeot, C., and Seguis, L. (2009). AMMA-CATCH studies in the
Sahelian region of West-Africa : an overview. Journal of Hydrology, 375:3—13.

Liu, S., Mo, X., Li, H., Peng, G., and Robock, A. (2001). Spatial Variation of Soil Moisture in China:
Geostatistical Characterization. Journal of The Meteorological Society of Japan - J METEOROL
SOC JPN, 79:555-574.

Loew, A., Dall’Amico, J. T., Schlenz, F., and Mauser, W. (2009). The Upper Danube Soil Moisture
Validation Site: Measurements and Activities. In Lacoste, H., editor, Earth Observation and
Water Cycle Science, volume 674 of ESA Special Publication, page 56.

Marczewski, W., Slominski, J., Slominska, E., Usowicz, B., Usowicz, J., S, R., O, M., Nastula, J.,
and Zawadzki, J. (2010). Strategies for validating and directions for employing SMOS data, in the
Cal-Val project SWEX (3275) for wetlands. Hydrology and Earth System Sciences Discussions,
7.

Mattar, C., Santamaria-Artigas, A., Durdn-Alarcén, C., Olivera-Guerra, L., and Fuster, R. (2014).
LAB-net the first Chilean soil moisture network for remote sensing applications. In Quantitative
Remote Sensing Symposium (RAQRS), pages 22-26.

Mattar, C., Santamaria-Artigas, A., Durdn-Alarcén, C., Olivera-Guerra, L., Fuster, R., and Borvarén,
D. (2016). The LAB-Net Soil Moisture Network: Application to Thermal Remote Sensing and
Surface Energy Balance. Data, 1(1).

Moghaddam, M., Entekhabi, D., Goykhman, Y., Li, K., Liu, M., Mahajan, A., Nayyar, A., Shuman,
D., and Teneketzis, D. (2011). A Wireless Soil Moisture Smart Sensor Web Using Physics-
Based Optimal Control: Concept and Initial Demonstrations. Selected Topics in Applied Earth
Observations and Remote Sensing, IEEE Journal of, 3:522-535.

MOGHADDAM, M., SILVA, A., CLEWLEY, D., AKBAR, R., HUSSAINI, S., Whitcomb, J.,
DEVARAKONDA, R., Shrestha, R., COOK, R., PRAKASH, G., SANTHANA VANNAN, S.,
and BOYER, A. (2016). Soil Moisture Profiles and Temperature Data from SoilSCAPE Sites,
USA. Publisher: ORNL Distributed Active Archive Center.

Morbidelli, R., Corradini, C., Saltalippi, C., Flammini, A., and Rossi, E. (2011). Infiltration-
soil moisture redistribution under natural conditions: experimental evidence as a guideline for
realizing simulation models. Hydrology and Earth System Sciences, 15(9):2937-2945. Publisher:
Copernicus GmbH.

Morbidelli, R., Saltalippi, C., Flammini, A., Cifrodelli, M., Picciafuoco, T., Corradini, C., and Govin-
daraju, R. S. (2017). In situ measurements of soil saturated hydraulic conductivity: Assessment
of reliability through rainfall-runoff experiments. Hydrological Processes, 31(17):3084-3094.

Morbidelli, R., Saltalippi, C., Flammini, A., Rossi, E., and Corradini, C. (2014). Soil water
content vertical profiles under natural conditions: Matching of experiments and simulations by a
conceptual model. Hydrological Processes, 28(17):4732—4742. Publisher: Wiley Online Library.

Mougin, E., Hiernaux, P., Kergoat, L., Manuela, G., Rosnay, P., Timouk, F., Le Dantec, V., Demarez,
V., Lavenu, F., Arjounin, M., Lebel, T., Soumaguel, N., Ceschia, E., Mougenot, B., Baup, F,
Frappart, E,, Frison, P.-L., Gardelle, J., Gruhier, C., and Mazzega, P. (2009). The AMMA-CATCH
Gourma observatory site in Mali: Relating climatic variations to changes in vegetation, surface
hydrology, fluxes and natural resources. Journal of Hydrology, 375.

Musial, J. P, Dabrowska-Zielinska, K., Kiryla, W., Oleszczuk, R., Gnatowski, T., and Jaszczynski, J.
(2016). Derivation and validation of the high resolution satellite soil moisture products: a case
study of the Biebrza Sentinel-1 validation sites. Geoinformation Issues, 8(1 (8)):37-53.

Nelson, A., Weiss, D. J., van Etten, J., Cattaneo, A., McMenomy, T. S., and Koo, J. (2019). A
suite of global accessibility indicators. Scientific Data, 6(1):266. Number: 1 Publisher: Nature

24/27



329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

Publishing Group.

Nguyen, H. H., Kim, H., and Choi, M. (2017). Evaluation of the soil water content using cosmic-
ray neutron probe in a heterogeneous monsoon climate-dominated region. Advances in Water
Resources, 108:125-138.

Ojo, E. R., Bullock, P, L. Heureux, J., Powers, J., McNairn, H., and Pacheco, A. (2015). Calibration
and Evaluation of a Frequency Domain Reflectometry Sensor for Real-Time Soil Moisture
Monitoring. Vadose Zone Journal, 14(3):vzj2014.08.0114.

Osenga, E. C., Amott, J. C., Endsley, K. A., and Katzenberger, J. W. (2019). Bioclimatic and Soil
Moisture Monitoring Across Elevation in a Mountain Watershed: Opportunities for Research and
Resource Management. Water Resources Research, 55(3):2493-2503. Publisher: Wiley Online
Library _eprint: https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2018WR023653.

Osenga, E. C., Vano, J. A., and Arnott, J. C. (2021). A community-supported weather and soil
moisture monitoring database of the Roaring Fork catchment of the Colorado River Headwaters.
Hydrological Processes, 35(3):€14081. Publisher: Wiley Online Library.

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, 1., Hoffmann, T. C., Mulrow, C. D.,
Shamseer, L., Tetzlaff, J. M., Akl, E. A., Brennan, S. E., Chou, R., Glanville, J., Grimshaw, J. M.,
Hrébjartsson, A., Lalu, M. M, Li, T., Loder, E. W., Mayo-Wilson, E., McDonald, S., McGuinness,
L. A., Stewart, L. A., Thomas, J., Tricco, A. C., Welch, V. A., Whiting, P., and Moher, D. (2021).
The PRISMA 2020 statement: an updated guideline for reporting systematic reviews. Systematic
Reviews, 10(1):89.

Peischl, S., Walker, J., Ridiger, C., Ye, N., Kerr, Y., Kim, E., Bandara, R., and Allahmoradi, M.
(2012). The AACES field experiments: SMOS calibration and validation across the Murrumbidgee
River catchment. Hydrology and Earth System Sciences Discussions, 16(6):1697-1708.

Pellarin, T., Laurent, J.-P., Cappelaere, B., Decharme, B., Descroix, L., and Ramier, D. (2009).
Hydrological modelling and associated microwave emission of a semi-arid region in South-western
Niger. Journal of Hydrology, 375:262-272.

Petropoulos, G. P. and McCalmont, J. P. (2017). An operational in situ soil moisture & soil
temperature monitoring network for West Wales, UK: The WSMN network. Sensors, 17(7):1481.
Publisher: Multidisciplinary Digital Publishing Institute.

Pyzer-Knapp, E. O., Pitera, J. W., Staar, P. W. J., Takeda, S., Laino, T., Sanders, D. P., Sexton, J.,
Smith, J. R., and Curioni, A. (2022). Accelerating materials discovery using artificial intelligence,
high performance computing and robotics. npj Computational Materials, 8(1):1-9. Number: 1
Publisher: Nature Publishing Group.

Raffelli, G., Previati, M., Canone, D., Gisolo, D., Bevilacqua, 1., Capello, G., Biddoccu, M., Cavallo,
E., Deiana, R., Cassiani, G., and Ferraris, S. (2017). Local- and Plot-Scale Measurements of Soil
Moisture: Time and Spatially Resolved Field Techniques in Plain, Hill and Mountain Sites. Water,
9(9).

Robock, A., Vinnikov, K., Srinivasan, G., Entin, J., Hollinger, S., Speranskaya, N., Liu, S., and
Namkhai, A. (2000). The Global Soil Moisture Data Bank. Bulletin of the American Meteorologi-
cal Society, 81(6):1281 — 1300.

Rosnay, P., Gruhier, C., Timouk, F., Baup, F., Mougin, E., Hiernaux, P., Kergoat, L., and LeDantec,
V. (2009). Multi-scale soil moisture measurements at the Gourma meso-scale site in Mali. Journal
of Hydrology, 375:241-252.

Rosvold, E. L. and Buhaug, H. (2021). GDIS, a global dataset of geocoded disaster locations.
Scientific Data, 8(1):61.

Rustemeier, E., Hinsel, S., Finger, P., Schneider, U., and Ziese, M. (2022). GPCC Climatology

25/27



375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

Version 2022 at 2.5°: Monthly Land-Surface Precipitation Climatology for Every Month and the
Total Year from Rain-Gauges built on GTS-based and Historical Data.

Riidiger, C., Hancock, G., Hemakumara, H., Jacobs, B., Kalma, J., Martinez, C., Thyer, M., Walker,
J., Wells, T., and Willgoose, G. (2007). Goulburn River experimental catchment data set. Water
Resources Research, 43(10).

Schaefer, G., Cosh, M., and Jackson, T. (2007). The USDA natural resources conservation service
soil climate analysis network (SCAN). Journal of Atmospheric and Oceanic Technology - J
ATMOS OCEAN TECHNOL, 24(12):2073 - 2077.

Schlenz, F., dall’Amico, J. T., Loew, A., and Mauser, W. (2012). Uncertainty Assessment of the
SMOS Validation in the Upper Danube Catchment. /IEEE Transactions on Geoscience and Remote
Sensing, 50(5):1517-1529.

Shuman, D. 1., Nayyar, A., Mahajan, A., Goykhman, Y., Li, K., Liu, M., Teneketzis, D., Moghaddam,
M., and Entekhabi, D. (2010). Measurement Scheduling for Soil Moisture Sensing: From Physical
Models to Optimal Control. Proceedings of the IEEE, 98(11):1918-1933.

Smith, A., Walker, J., Western, A., Young, R., Ellett, K., Pipunic, R., Grayson, R., Siriwardena, L.,
Chiew, F., and Richter, H. (2012). The Murrumbidgee Soil Moisture Monitoring Network data
set. Water Resources Research, 48(7).

Staar, P. W. J., Dolfi, M., Auer, C., and Bekas, C. (2018). Corpus Conversion Service: A Machine
Learning Platform to Ingest Documents at Scale. In Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining, KDD ’18, pages 774-782,
New York, NY, USA. Association for Computing Machinery. event-place: London, United
Kingdom.

Su, Z., Wen, J., Dente, L., Velde, R., Wang, L., Ma, Y., Yang, K., and Hu, Z. (2011). The Tibetan
Plateau observatory of plateau scale soil moisture and soil temperature (Tibet-Obs) for quantifying
uncertainties in coarse resolution satellite and model products. Hydrology and earth system
sciences, 15(7):2303-2316. Publisher: Copernicus GmbH.

Tagesson, T., Fensholt, R., Guiro, 1., Rasmussen, M., Huber, S., Mbow, C., Garcia, M., Horion,
S., Sandholt, I., Holm-Rasmussen, B., Gottsche, F.-M., Ridler, M., Boke-Olén, N., Olsen, J.,
Ehammer, A., Madsen, M., Olesen, F., and Ardo, J. (2014). Ecosystem properties of semi-arid
savanna grassland in West Africa and its relationship to environmental variability. Global Change
Biology, 21(1):250-264.

Van Cleve, K., Chapin E.S., S., and Ruess, R. W. (2015). Bonanza Creek Long Term Ecological
Research Project Climate Database - University of Alaska Fairbanks. http://www.lter.uaf.edu/.
Venter, O., Sanderson, E. W., Magrach, A., Allan, J. R., Beher, J., Jones, K. R., Possingham, H. P.,
Laurance, W. F., Wood, P, Fekete, B. M., Levy, M. A., and Watson, J. E. M. (2016). Sixteen years
of change in the global terrestrial human footprint and implications for biodiversity conservation.

Nature Communications, 7(1):12558. Number: 1 Publisher: Nature Publishing Group.

Vreugdenhil, M., Dorigo, W., Broer, M., Haas, P., Eder, A., Hogan, P., Bloeschl, G., and Wagner, W.
(2013). Towards a high-density soil moisture network for the validation of SMAP in Petzenkirchen,
Austria. In 2013 IEEE International Geoscience and Remote Sensing Symposium - IGARSS,
pages 1865—-1868.

Wigneron, J.-P., Dayan, S., Kruszewski, A., Aluome, C., Al-Yaari, A., Fan, L., Guven, S., Chipeaux,
C., Moisy, C., Guyon, D., and Loustau, D. (2018). The Aqui Network: Soil Moisture Sites in the
“Les Landes” Forest and Graves Vineyards (Bordeaux Aquitaine Region, France). In IGARSS
2018 - 2018 IEEE International Geoscience and Remote Sensing Symposium, pages 3739-3742.
IEEE.

26/27



421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

460

461

462

463

464

465

World Bank (1978). World development report 1978. World Development Report 1.

WorldPop (2023). WorldPop (School of Geography and Environmental Science, University of
Southampton; Department of Geography and Geosciences, University of Louisville; Departement
de Geographie, Universite de Namur) and Center for International Earth Science Information Net-
work (CIESIN), Columbia University (2018). Global High Resolution Population Denominators
Project - Funded by The Bill and Melinda Gates Foundation (OPP1134076).

Xaver, A., Zappa, L., Rab, G., Pfeil, ., Vreugdenhil, M., Hemment, D., and Dorigo, W. A. (2020).
Evaluating the suitability of the consumer low-cost Parrot Flower Power soil moisture sensor for
scientific environmental applications. Geoscientific Instrumentation, Methods and Data Systems,
9(1):117-139.

Yang, K., Qin, J., Zhao, L., Chen, Y., Tang, W., Han, M., Zhu, 1., Chen, Z., Lv, N., Ding, B., Wu, H.,
and Lin, C. (2013). A Multi-Scale Soil Moisture and Freeze-Thaw Monitoring Network on the
Third Pole. Bulletin of the American Meteorological Society, 94:1907-1916.

Young, R., Walker, J., Yeoh, N., Smith, A., Ellett, K., Merlin, O., and Western, A. (2008). Soil
moisture and meteorological observations from the Murrumbidgee catchment. Department of
Civil and Environmental Engineering, The University of Melbourne.

Zacharias, S., Bogena, H., Samaniego, L., Mauder, M., FuB, R., Piitz, T., Frenzel, M., Schwank, M.,
Baessler, C., Butterbach-Bahl, K., Bens, O., Borg, E., Brauer, A., Dietrich, P., Hajnsek, I., Helle,
G., Kiese, R., Kunstmann, H., Klotz, S., and Vereecken, H. (2011). A Network of Terrestrial
Environmental Observatories in Germany. Vadose Zone Journal, 10:955-973.

Zanaga, D., Van De Kerchove, R., De Keersmaecker, W., Souverijns, N., Brockmann, C., Quast, R.,
Wevers, J., Grosu, A., Paccini, A., Vergnaud, S., Cartus, O., Santoro, M., Fritz, S., Georgieva, L.,
Lesiv, M., Carter, S., Herold, M., Li, L., Tsendbazar, N.-E., Ramoino, F., and Arino, O. (2021).
ESA WorldCover 10 m 2020 v100.

Zappa, L., Forkel, M., Xaver, A., and Dorigo, W. (2019). Deriving Field Scale Soil Moisture from
Satellite Observations and Ground Measurements in a Hilly Agricultural Region. Remote Sensing,
11(22):2596.

Zappa, L., Woods, M., Hemment, D., Xaver, A., and Dorigo, W. (2020). Evaluation of Remotely
Sensed Soil Moisture Products using Crowdsourced Measurements. Cyprus. SPIE. Backup Pub-
lisher: Eighth International Conference on Remote Sensing and Geoinformation of Environment.

Zhang, X., Chen, N., Chen, Z., Wu, L., Li, X., Zhang, L., Di, L., Gong, J., and Li, D. (2018).
Geospatial sensor web: A cyber-physical infrastructure for geoscience research and application.
Earth-science reviews, 185:684—703. Publisher: Elsevier.

Zhao, T., Shi, J., Lv, L., Xu, H., Chen, D., Cui, Q., Jackson, T. J., Yan, G., Jia, L., Chen, L., and
others (2020). Soil moisture experiment in the Luan River supporting new satellite mission
opportunities. Remote Sensing of Environment, 240:111680. Publisher: Elsevier.

Zheng, J., Zhao, T., Lii, H., Shi, J., Cosh, M. H., Ji, D., Jiang, L., Cui, Q., Lu, H., Yang, K., and
others (2022). Assessment of 24 soil moisture datasets using a new in situ network in the Shandian
River Basin of China. Remote Sensing of Environment, 271:112891. Publisher: Elsevier.

Zreda, M., Desilets, D., Ferré, T., and Scott, R. (2008). Measuring soil moisture content non-
invasively at intermediate spatial scale using cosmic-ray neutrons. Geophysical Research Letters,
35(21).

Zreda, M., Shuttleworth, W. J., Zeng, X., Zweck, C., Desilets, D., Franz, T., and Rosolem, R.
(2012). COSMOS: the COsmic-ray Soil Moisture Observing System. Hydrology and Earth
System Sciences, 16(11):4079-4099.

27/27



1 Introduction

49



