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COMMENT
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ABSTRACT  
Climate change impacts are already evident and projected to worsen throughout the 21st century, even 
with mitigation efforts. Systematic mapping is key to organizing scientific evidence and identifying gaps, 
but current methods lack geographical context in relation to climate impact risk. In this study, we 
leverage machine learning to scale up systematic mapping and use automatic geolocation to track 
place-based research. We then enhance conventional systematic mapping by integrating location- 
based climate risk components—hazard, exposure, and vulnerability—to create an evidence gap 
index. This identifies high-risk regions that lack sufficient scientific study. We demonstrate this method 
using fluvial floods, combining research distribution with a flood-risk indicator (hazard), population 
density (exposure), and the Human Development Index (vulnerability). Our novel approach refines 
evidence mapping, supporting data-driven policymaking and directing research resources to the most 
urgent areas.

ARTICLE HISTORY
Received 12 December 2023 
Accepted 4 March 2025  

KEYWORDS  
Systematic map; evidence 
gap map; climate risk; 
climate change impact; 
vulnerability; machine 
learning

Introduction

The impacts of climate change can already be observed around 
the world (Callaghan et al., 2021). Even with ambitious mitiga
tion efforts, the twenty-first century will see increasingly severe 
effects, such as floods (Hirabayashi et al., 2013), droughts (Kim 
& Jehanzaib, 2020) and heat waves (Lhotka et al., 2018), driven 
by the growing frequency and intensity of these events. These 
impacts are unevenly distributed across the globe, and the abil
ity to effectively manage them depends on a community’s 
capacity and resilience (Smit & Wandel, 2006). Consequently, 
communities with lower adaptive capacity are likely to bear the 
brunt of climate impacts (Eckstein et al., 2021).

There is a pressing need to understand where humans are 
facing which climate change impacts and which strategies 
form effective responses. Here, place-based research is indispen
sable as it provides insights into the nuanced requirements for 
adaptation of different locations. For instance, coastal areas in 
the tropics might benefit from mangrove restoration to combat 
rising sea levels, while arid regions might focus on drought- 
resistant crops tailored to local use. These localized insights 
help address climate impacts and clarify loss and damage, such 
as flood-related infrastructure damage or desertification. How
ever, not all impacts and all spatial areas are sufficiently covered 
by research, resulting in evidence gaps. To prepare humanity for 
the challenges posed by climate change impacts, it is important 
to identify evidence gaps well in advance. This early identifi
cation of missing knowledge on how to cope with climate change 
impacts is crucial for informing policymaking, enabling the 

strategic allocation of research funding to address these gaps 
effectively (McKinnon et al., 2015; Saran & White, 2018).

Systematic mapping (Bates et al., 2007; James et al., 2016) and 
evidence gap mapping (Saran & White, 2018; Snilstveit et al., 
2016; White et al., 2020) aims to systematically gather, organize 
and synthesize evidence comprehensively. This is achieved and 
steadily further refined by following protocols (Bates et al., 
2007; James et al., 2016; Saran & White, 2018) which prescribe 
how to search and screen for evidence on a topic of interest.

Evidence on climate impacts has been already investigated 
in a systematic map (Callaghan et al., 2021). Here, the authors 
identified more than 100,000 studies on climate impacts, and 
detected for each study the affected system, such as ecosystem 
or human and managed system, and the climate driver such as 
temperature or precipitation. Additionally, they identified 
locations mentioned in title and abstract. The study’s findings 
suggest that there may be substantial evidence gaps in less 
developed countries. However, we currently lack an effective 
method to identify and prioritize these gaps, making it difficult 
to determine which ones require the most urgent attention and 
directed research funding allocation.

One potential way to prioritize gaps is to map scientific evi
dence against information on climate risks. Following this, evi
dence gaps are most acute where climate risks are highest. The 
IPCC defines climate risk in human systems as the interaction 
between the incidence of a climate-related hazard, the number 
of people exposed to that hazard, and the vulnerability of the 
population exposed. In turn, vulnerability is defined by the 
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propensity of communities to be adversely affected, for example 
through a significant dependence on resources affected by the 
impact, or by low adaptive capacity to respond to or mitigate 
the effects of an adverse impact (IPCC AR6 WGII, 2022).

In this paper, we propose a new machine-learning enhanced 
systematic mapping method of identifying and prioritizing evi
dence gaps on climate change impacts according to the magni
tude of climate risk in a given area. Using the example of 
floods, specifically fluvial floods, we bring together data on 
fluvial flood risk (hazard), population density (exposure) and 
human development (vulnerability) to identify under- 
researched areas where climate risk is highest. Through the 
development of a new index, an evidence gap index, we achieve 
a categorization of evidence gaps based on the vulnerability of 
the affected areas. This methodology can serve as a valuable 
tool for directing research resources effectively in addressing 
climate change challenges and to promote climate justice.

Methods and data

Scientific coverage of a climate change impact

Assessing evidence gaps with regards to a specific climate 
change impact requires the systematic collection of the rel
evant scientific literature. The underlying methodology is 
known as a systematic mapping or evidence gap mapping 
both part of a broader suite of evidence synthesis tools 
(Bates et al., 2007; James et al., 2016; Nakagawa et al., 2019; 
Saran & White, 2018; White et al., 2020). While there are slight 
differences among them all of them follow a stepwise process. 
First, a definition of a research question sets the stage and 
scope of the systematic map. Second, scientific literature is col
lected systematically through a clearly defined search query 
from bibliographic databases such as Web of Science or Scopus 
or other specified sources. At a third step the articles are 
screened for relevance with regards to the research question 
and further classified into relevant categories to identify the 
topic of research, the location of the study or other relevant 
attributes (James et al., 2016; Nakagawa et al., 2019; White 
et al., 2020). Lastly, the available literature is mapped out 
and evidence gaps can be identified.

Searches on specific topics yield tens or hundred thousand 
studies (Callaghan et al., 2020, 2021; Sietsma et al., 2021). 
Manual-screening of these studies is infeasible. Machine learning 
as a medium of automation of human labour can be harnessed in 
these cases (Callaghan et al., 2020, 2021; González-Márquez et al., 
2024; Sietsma et al., 2021). Supervised classification, a subset of 
machine learning methods, is able to sort text into predefined cat
egories. For this purpose, a part of the texts are sorted into the 
predefined categories by humans  – the texts are labelled. The 
texts and labels are used to train a classifier which then extends 
the labels to the unseen documents. Named entity recognition, 
another subset of machine learning methods, extracts infor
mation of unstructured texts and can be used to identify locations 
in abstract and title of scientific publications.

To comprehensively map the scientific literature on the cli
mate change impact flood, our example impact for illustrating 
the evidence gap index, we start with those studies identified 
in a machine-learning assisted systematic map of scientific 

literature of all climate change impacts (Callaghan et al., 
2021). This study identifies in total 100,724 studies on climate 
impacts by searching Web of Science and Scopus on 19 October 
2020. This means we cover a time range from 1990 to Oct 2020. 
Utilizing the categorization of affected systems by M. Callaghan 
et al., we focus on the subset of 12,212 studies that specifically 
examine impacts on human and managed systems. To further 
narrow this subset to include only studies on flood-related 
impacts, we employ text classification. We begin by hand-label
ling 600 of these studies at the title and abstract level, recording 
whether they address flood-related impacts. Included were all 
studies which mentioned flood, flooding and heavy precipi
tation which can also lead to flooding. These hand-labelled 
studies are used to train a ClimateBERT (Webersinke et al., 
2022) classifier. We employ a nested cross-validation approach 
and calculate the F1 score to evaluate the classifier’s perform
ance. The F1 score assesses a classifier’s effectiveness by combin
ing its accuracy in correctly identifying positive results with its 
ability in finding all relevant documents. This score ranges from 
0 (indicating the least performance) to 1 (indicating perfect per
formance). For this classification task, we achieve an F1 score of 
0.81. The resulting classifier is used to predict whether the 
remaining 11,612 studies were related to floods, resulting in a 
final set of 905 studies on flood-related impacts to human and 
managed systems.

To identify location-based studies we extract locations 
together from title and abstract using a geoparser (Halterman, 
2023) which not only extracts the name of the geographical 
entity, but also its geographic information. We found that 
out of 905, 561 (62%) contain a location in title or abstract.

The evidence gap index is designed to highlight evidence 
gaps based on spatial information, so we need to assign each 
document to a location on Earth. To do this, we first divide 
the geographic map into grid cells, each covering 2.5 degrees 
of latitude and longitude. We then translate the geographic 
information from the title and abstract, which can range 
from the continental scale down to towns or villages, to the 
sets of grid cells congruent with the location, following the 
approach described in Callaghan et al. (2021). That means 
we assign each document a value of 1, which is distributed 
among all relevant grid cells for each mentioned location. 
For example, if a study references a town contained within a 
single grid cell, that cell receives an evidence count of 1. Con
versely, if a study mentions a continent spanning 100 grid cells, 
each of those cells receives a count of 0.01 for that study. 
Additionally, to account for the varying sizes of grid cells – lar
ger near the poles and smaller near the equator – we normalize 
the count of documents by the area of each grid cell. If two or 
more locations are mentioned and one contains the other, i.e. a 
subnational state and its corresponding country, only the 
smaller location is accounted for.

In this way, we determined the number of scientific publi
cations on flooding for each grid cell representing an area on 
the globe.

Climate-related hazards

As a component of climate risk, hazard refers to the likelihood 
of a given adverse impact occurring (IPCC, 2023: Annex I: 
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Glossary). To effectively incorporate a hazard indicator into 
the proposed evidence gap index, it must capture the specific 
hazards relevant to the gaps we aim to identify. It is also 
important to consider whether the hazard index reflects the 
current state of the relevant hazard or includes future develop
ments, which are particularly relevant in the context of climate 
change. Ideally, the hazard index should provide global cover
age to enable comprehensive assessments across all regions. 
Unfortunately, many existing models are primarily focused 
on Europe and North America (Trigg et al., 2016), which 
risks perpetuating evidence gaps and limits the ability to 
address gaps in more vulnerable regions.

To assess the exposure to flood incidents globally, we use a 
fluvial flood hazard map with a return 10-year period (Dottori 
et al., 2016). This model estimates both the locations and fre
quency of flood events. It is based on streamflow data that has 
been downscaled onto a high-resolution river network, which 
then serves as input for local flood inundation simulations 
using a two-dimensional hydrodynamic model. The model’s 
accuracy has been validated through comparisons with histori
cal data and other large-scale fluvial flood models. It is calcu
lated for various return periods, which estimate the intervals 
between natural hazard occurrences (Dottori et al., 2016). 
We use a relatively short 10-year return period to ensure 
that smaller flood events are also included in the analysis.

However, this hazard index does not encompass all poten
tial flood risks, as it only estimates risks from river overflows 
caused by excessive rainfall or snowmelt. Other types of 
floods, such as coastal floods triggered by extreme windstorms 
and pluvial floods caused by intense rainfall that is indepen
dent of any overflowing water bodies, are not covered. We 
were unable to find a suitable global risk analysis for these 
flood types. As a result, the evidence gap index may fail to 
highlight evidence gaps in regions where these specific climate 
risks are prevalent. Additionally, the index does not account 
for changing flood patterns due to climate change, which 
may lead to an underestimation of future flood occurrences.

To align the flood risk index with the global scientific cover
age produced in the previous chapter, we re-grid the flood risk 
index map from its original 30’’ to a 2.5’ resolution. This pro
cess provides an estimated flood risk exposure for every grid 
cell in the global map.

Prioritization of evidence gaps: exposure and 
vulnerability

To prioritize evidence gaps according to their urgency for res
olution  – the goal of the proposed evidence gap index  – 
defining the concept of urgency is important. In this context, 
we propose using exposure and vulnerability as a measure of 
urgency. According to the IPCC exposure defines which sys
tem, i.e. human managed system or ecosystem, and how 
many individuals are affected by the climate change impact. 
Further, vulnerability describes the lack of adaptive capacity 
to cope with a climate change impact and the sensitivity or sus
ceptibility to harm (IPCC AR6 WGII, 2022).

In our example, the evidence gap index of flooding in 
human-managed systems where the evidence describes a gen
eral population without a focus on specific groups, we suggest 

incorporating two key elements: the magnitude of the affected 
population as an indicator of exposure and the socioeconomic 
characteristics of the population as an indicator for vulner
ability. In this context, an under-researched area with a large 
affected population size and with a high socio-economic vul
nerability represents an evidence gap that should urgently be 
filled. This is a first approximation of assessing exposure and 
vulnerability and other indicators might be suitable. Properly 
representing exposure and vulnerability depends on the specific 
intent of the evidence gap index and the evidence being inves
tigated. For instance, if the focus is on protecting specific popu
lation groups such as indigenous people, exposure could be 
defined as the population density of indigenous people alone. 
Similarly, vulnerability can be tailored to the particular hazard 
in question, such as defining vulnerability to floods in terms 
of economic dependence on fisheries. If ecosystems are captured 
by the research question of the corresponding systematic map, 
one might want to include indicators describing the affected 
ecosystem, such as diversity or fragility.

When considering and structuring suitable data sources, not 
all of the indicators can be supported through available data or 
the data might not fulfil the desired quality criteria, i.e. it lacks 
coverage of the whole world or a desired granularity.

To prioritize evidence gaps in the impact flood we use 
gridded population density of 2020 (Center for International 
Earth Science Information Network-CIESIN-Columbia Uni
versity, 2017) to account for the affected population size and 
with that the exposure in our proposed framework. Vulner
ability is captured by a subnational human development 
index (HDI) (Permanyer & Smits, 2020; The Subnational 
Human Development Database | Scientific Data, n.d.) calcu
lated for the year 2019 as a generic indicator for socioeconomic 
characteristics. It is a translation of the UNDP’s official HDI to 
subnational districts providing a more granular picture and is 
available for all countries. The HDI and its subnational version 
(SHDI) are statistical indices based on income per capita, life 
expectancy, and education levels. While these indices capture 
key socioeconomic characteristics, other factors such as pov
erty, inequality, marginalization, social exclusion, and gender 
discrimination are only indirectly reflected. Explicitly includ
ing these would alter the index’s focus and interpretation. 
For this example, we prioritized simplicity and clarity.

To incorporate the population density and the SHDI into 
the evidence gap index, both data sources are scaled to 1 and 
re-gridded to a 2.5” grid.

Constructing the index

After collecting data on evidence, hazard, exposure, and vul
nerability – each available at a global grid resolution of 2.5’ – 
the next step is to combine these into a single index. This 
involves addressing two essential components: normalizing 
the data and determining a methodology for integrating 
diverse components into a single numerical representation.

Normalization confines each data source to a specific 
numerical range and defines the separation between data 
points. For reasons of interpretability, we suggest a fairly 
simple min–max scaling where the minimum value of a data 
range is assigned 0, the maximum value 1. We use a 
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meaningful minimum value which is the smallest value sup
ported by reality, i.e. a meaningful minimum of population 
density in the original data point does not equal 0, which 
would be true for large parts of the Atlantic, but the smallest 
non-zero value. To ensure readability we propose that every 
data component is scaled to a range of 1 where 1 means 
there is an evidence gap, the hazard risk is highest, the area 
is highly exposed to the climate change impact or the area is 
vulnerable. Taking the logarithm before scaling ensures that 
differences between smaller values are not obscured by outliers 
(Figure 1).

We propose a simple and interpretable index that combines 
study sparsity with the three components of climate risk:

EGI = EvidenceSparsity ∗ Hazard ∗(Exposure+Vulnerability), 

where EvidenceSparsity is the log normalized inverse of the 
number of papers per grid cell, Hazard is the normalized 
impact risk, Exposure and Vulnerability the normalized indi
cators as described earlier.

With this construction approach, the index is designed to 
approach 0 in cases where there is either no hazard risk due 
or when the scientific coverage of an area is very high com
pared to other regions. These two components are the most 
crucial elements of the index, ensuring it scales to 0 when 
there is abundant evidence or no hazard, thereby eliminating 
the need for evidence.

The final component of the index acts as a location-specific 
scaling factor, used to further prioritize evidence gaps based on 
the area’s vulnerability and exposure. By summing these fac
tors and integrating them into a single scaling factor, the 
index allows for flexible weighting, enabling the prioritization 

of either exposure or vulnerability, depending on the specific 
needs of the analysis.

While alternative construction methods, such as multiply
ing all components to treat them independently, are possible, 
we favour the flexibility offered by a compound scaling factor. 
This approach provides the versatility needed to adjust the 
index according to different contexts and priorities.

With the data we use in our example it is important to note 
that this specific index captures only evidence gaps with regards 
to floods and direct human system impacts. Evidence gaps on 
different impacts would require differently derived data on Evi
denceSparsity and a different hazard risk index. Moreover, the 
Evidence Gap Index can be adapted to capture different elements 
of exposure and vulnerability by incorporating different data 
sources, or by weighting the constituent parts differently.

Results

Evidence coverage

Of the 905 publications addressing flood-related impacts on 
human and natural systems, 561 (61%) contain at least one 
location in the title or abstract, indicating place-specific research. 
However, in 170 documents the smallest mentioned location is a 
country name and 130 documents mention more than one 
country name  – even up to 12 (Miller et al., 2008). While dis
cussing research only on country or supra-country level there 
is a potential limitation in exploring location-specific details 
for these documents. Nonetheless, including these documents 
contributes to the overall knowledge base. Therefore we incor
porate them into the analysis by associating them with all corre
sponding grid cells, as outlined in the Methods and Data section.

263 publications mention places in Asia, followed by North 
America with 129 studies, replicating an often observed pat
tern in location coverage of scientific literature (Smith et al., 
2023) any publications, namely 110, talk about places in Africa 
(see Figure 2). However, 63% of the documents that mention 
an African country also reference at least one other country, 
suggesting that these studies may use African nations in 
broader, multi-location research, potentially limiting the 
depth of location-specific analysis. In comparison, this pro
portion is smaller for North America, at 47%.

The most frequently mentioned countries are the United 
States of America (in 96 documents), Bangladesh (in 58 docu
ments) and India (in 53 documents).

Figure 2 shows the distribution of evidence on flood-related 
impacts on human and managed systems. From the map of 
scientific coverage one can easily distinguish country borders, 
and in general rather regionally homogenous coverages. Only 
a few single places (grid cells) stick out. This is again a sign of 
low location-specificity in the documents. We observe a par
ticularly low scientific coverage in Russia and Chile, which 
in future work could potentially be mitigated by searching in 
multiple languages (Nuñez & Amano, 2021).

Hazard

The fluvial flood hazard map (Dottori et al., 2016) introduced 
in the method section indicates where the risk that a flood 

Figure 1. Effect of taking the logarithm on normalization. Distributions of popu
lation density without (above) and with (below) taking the logarithm. In the 
above panel the grid cells containing Tasmania and the grid cell containing 
Schwerin do not differ strongly. When taking the aking the logarithm of the 
population density the differences are more pronounced. At the same time differ
ences to areas with higher population density are reduced, see Tasmania vs. 
Hongkong.
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impact is high and replicates river courses of large rivers, such 
as the Amazon (Espinoza et al., 2013), the Mississippi (Zachos 
et al., 2016), the Nile (Abdelmoneim et al., 2023; Shamseldin 
et al., 1999), as well as Russia’s many large river systems, and 
indicates further a high flood risk in Pakistan (Nanditha 
et al., 2023; Paulikas & Rahman, 2015), Bangladesh (Hoq 
et al., 2021; Roy et al., 2019) and in large parts of Siberia, 
where regular Spring floods affect local communities (Kichi
gina, 2020; Korytny et al., 2009; Tananaev et al., 2020), see 
Figure 3, above.

Exposure and vulnerability

In order to sort evidence gaps in regions with a high flood risk 
according to their urgency to address we sum population den
sity and subnational HDI as described in the Method section.

The sum of both ingredients is highest in the north of India 
because of its high population density and fairly low develop
ment and high in much of Sub-Saharan Africa because of a low 
subnational HDI in the region, see Figure 3. In the figure we 
look at an equal contribution of population density and subna
tional HDI to the Vulnerable+population indicator (VP-idx), 

that means we calculate VP-idx = 0.5* scaled population den
sity + 0.5*scaled subnational HDI. The ratio can be adjusted 
where we want to weigh either exposure or vulnerability 
differently.

Evidence gap index

The purpose of an evidence gap index is to pinpoint areas exhi
biting a greater demand for research owing to their heightened 
climate risk. To assess the effectiveness of the index, we juxta
pose the ranking determined by flood risk, the hazard com
ponent of climate risk against the ranking determined by the 
evidence gap index.

The most endangered areas for floods according to the 
flood risk index are in the states of Para and Amazonas, 
both in Brazil, and Louisiana, USA. According to our proposed 
evidence gap index, Para and Amazonas remain top, followed 
by the region of Equateur in the Democratic Republic of the 
Congo. The number of people exposed, their vulnerability as 
measured by HDI, and the sparsity of research shows us that 
there may be a more pressing need for flood-related research 
in Equateur than in Louisiana.

Figure 2. Scientific coverage of world regions with regards to floods and corresponding statistics of the documents. Above: Scientific coverage on floods as described 
in the Methods and Data section, logged, and scaled to the range (0,1). Below left: Documents with locations in title or abstract by continent, one document can 
mention several continents. Below right: For each continent the percentage of documents mentioning only one country.
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When comparing the unique subnational regions of the first 
100 most endangered grid cells with regards to their flood risk 
to the unique regions of the first 100 grid cells with a highest 
evidence gap index we see a clear shift in continent distri
bution, see Figure 4, away from continents with high adaptive 
capacity such as North America towards continents which 
have lower adaptive capacity to date such as Africa (Andrijevic 
et al., 2023; Theokritoff et al., 2023). When changing the 
weighting of the composite vulnerable+population indicator 
towards higher weights for population density, densely popu
lated regions in Asia are more strongly represented, see Figure 
4.

Particularly, our proposed evidence gap index highlights 
the Amazon basin in South America, the Congo basin, the 
Senegal River, and the upper White Nile basin in Africa, as 
well as the Mekong River in Asia, as regions where research 
is comparatively scarce and vulnerability is high. This suggests 
a need for targeted research to support climate change adap
tation in these areas. Notably, all of these regions are identified 
in the IPCC 2022 report as either being at high risk of flooding 

or having already experienced significant floods (Trisos et al., 
2022).

Conversely, the Mississippi basin, clearly identified as a 
region prone to floods, see Figure 3, is not emphasized by 
the evidence index due to its already high scientific coverage 
(see Figure 2), coupled with a low scaling factor. This is largely 
due to the region’s high development or low vulnerability, 
which reduces its priority in the index. A more nuanced 
example is the Ganges River, where flood hazards, vulner
ability, and exposure are all high (see Figure 3). Despite 
these risks, the region is also backed by substantial scientific 
coverage. Consequently, the evidence gap index only high
lights this area in regions with particularly dense populations 
(1500–2300 inhabitants per square kilometre), where the 
need for further research may be more critical.

Discussion

In this paper we propose and exemplify a new method for sys
tematic mapping rooted in machine-learning that overlays a 
systematic map of the climate impacts literature on floods 
with information on climate risk. By doing so we are able to 
answer a more relevant question for evidence gap mapping. 
Rather than asking where the evidence is and where it is miss
ing, we are able to respond to a more specific question: do we 
have scientific evidence in those areas that are most exposed 
and vulnerable? To achieve this, we construct an evidence 
gap index that facilitates the ranking of areas based on their 
need for research.

Our evidence gap index, exemplified on flood hazards, 
highlights major river basins in South America, Africa, and 
Asia, prioritizing regions with lower adaptive capacity and 
less scientific coverage over areas in North America, where 
both adaptive capacity and scientific coverage are higher. 
This demonstrates that the index functions as intended, pro
viding a helpful tool to inform the strategic allocation of 
research resources.

The index primarily identifies river basins rather than 
coastal flood-prone areas because it is based on a fluvial 
flood risk index, which does not account for other types of 
floods, such as coastal floods. Consequently, we are limited 
in our ability to assess research coverage in areas prone to 
coastal flooding.

Another aspect to consider is whether the observed scien
tific coverage accurately reflects reality. It is often harder to 
identify gaps in knowledge when something is missing, com
pared to recognizing established findings. However, the low 
scientific coverage observed in Africa and South America 
aligns with trends seen in other climate-related topics, such 
as climate change adaptation (Berrang-Ford, Siders, et al., 
2021), climate change and health (Berrang-Ford, Sietsma, 
et al., 2021), and carbon dioxide removal (Smith et al., 
2024), suggesting this could reflect a broader pattern. One con
tributing factor is that these studies typically only include peer- 
reviewed and English-language literature, potentially over
looking non-English or grey research such as reports from 
NGOs. This is partly due to the reliance on machine learning 
models trained on English and the unstructured nature of grey 
literature, which complicates the application of automation 

Figure 3. Above: Hazard of floods, regridded to 2.5’ and scaled to a range of (0,1). 
Note that the flood hazard is only defined for certain parts of the world. Where 
there is no flood hazard we cannot calculate the evidence gap index. Below: Scal
ing factor as a combination of the population density and the subnational HDI, 
both quantities scaled to the range of 1. Both quantities contribute equally to 
the scaling factor. To achieve a range for the scaling factor of (0,1) both quantities 
are multiplied with 0.5.
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methods needed to process such resources. Furthermore, some 
regions may have fewer research resources available, further 
contributing to the disparity in scientific coverage (Blicharska 
et al., 2017).

How the evidence gap index orders regions according to 
their experienced climate risk depends highly on its compo
sition. Here, we relied on just three data sources to serve as 
proxies for hazard, exposure, and vulnerability. This simplified 
version provides an initial coarse-grained proof of concept, but 
it may be advisable to broaden the scope by incorporating data 
that captures additional elements of climate risk, specifically in 
terms of vulnerability. For instance, one could consider includ
ing economic dependence on agriculture in a region when 
assessing vulnerability to events like droughts or floods. 
Also, hazard specific adaptation responses as a counteracting 
part in vulnerability can be considered to be included into 
the index (Simpson et al., 2021). Additionally, one needs to 
carefully investigate the contribution of each component. As 
we showed, adjusting the relative weights given to vulnerability 
and exposure can result in the index prioritizing areas in Africa 
or Asia. Lastly, the grid resolution, determined by the lowest 
resolution among all the data incorporated in the index, serves 
as the foundation for index calculations and determines the 
visibility of structures. In the case of a coarse grid, data related 
to small structures, like small islands, may be averaged out, 
leading to an artificial reduction in the evidence gap index 
for these specific regions.

Any index has to simplify the highly complex interaction 
between hazard, exposure, and vulnerability that constitutes 
climate risk. As such the results should be interpreted with 
caution, and used to guide rather than replace expert knowl
edge. Additionally, this index only quantifies gaps in the anglo
phone scientific literature, and does not take into account 

knowledge and evidence collected in government reports, or 
indeed local and indigenous knowledge (Ford et al., 2016). 
Additionally, while the index highlights areas of low scientific 
coverage, it does not specify the type of scientific coverage 
needed, as this lies beyond its scope.

Large scale systematic maps are a key in the age of big lit
erature (Callaghan et al., 2020; Minx et al., 2017; Nunez-Mir 
et al., 2016) and are highly relevant for the IPCC assessments, 
serving not only as integral components for reporting but also 
for shaping the scope of assessments. The combination with 
additional data, as we propose here, makes systematic mapping 
even more relevant for identifying substantial knowledge hot
spots and gaps. This is particularly important for vulnerable 
groups, who are often disproportionately affected by climate 
impacts but underrepresented in research (Benevolenza & 
DeRigne, 2019; Ngcamu, 2023). By directing evidence gener
ation to their specific needs, our methodology supports the 
development of policies that prioritize their resilience and 
adaptation. In the context of evidence-based policies, our 
methodology has the potential to contribute to a more effective 
scientific knowledge generation process, ensuring that evi
dence is generated precisely where it is most needed and pro
moting climate justice.
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