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6| Synthesis 
To advance our ability to effectively employ social media data in disaster risk 
management, the main goal of this thesis was defined as follows: 

“To improve disaster risk management using social media information 
by developing algorithms to extract disaster-related information from 
social media and to integrate this information in disaster management 
applications.” 

This goal was addressed in chapters 2–5 by fulfilling the four objectives defined in 
chapter 1. The final chapter of this thesis first revisits these objectives and 
summarizes the main response and subsequently discusses several remaining 
challenges and avenues for future research and applications. Finally, some final 
remarks on privacy issues are made. 

6.1 Key research findings 
Objective 1 | To assess how geo-localization of tweets can be improved 

Using a global dataset of 55.1 million tweets mentioning at least one flood-related 
keyword in one of 12 languages collected over approximately three years, chapter 2 
outlines a geoparsing algorithm that can extract and localize mentions of countries, 
administrative subdivisions and settlements from a tweet’s text. The algorithm first 
matches consecutive word tokens (i.e., n-grams) of an individual tweet to a gazetteer 
(i.e., geographical dictionary) that was constructed from the GeoNames database. 
This yielded a list of candidate locations (e.g., “Boston, UK,” and “Boston, 
Massachusetts”) for each toponym listed in the gazetteer. Then, additional spatial 
indicators were collected, such as the user’s time zone, the user’s hometown, and the 
language in which the tweet was written, to assign a score for each individual 
candidate location. A higher score indicated more matches with other spatial 
indicators. For example, if the candidate location and user’s home were 
geographically close, the score was higher than when they were far apart. The 
algorithm then grouped all tweets that referenced the same toponym (e.g., Boston) 
that were posted during a scanning window (e.g., a day), summing the scores for 
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each candidate location. Finally, the candidate location with the highest score was 
selected and assigned to all tweets within the group. 

Validation of the algorithm with a manually labeled dataset using default settings 
showed that it attained a recall of 0.82 and precision of 0.91 (F1-score 0.865) in a 
geo-unconstrained geoparsing task. In all settings, the same algorithm without the 
grouping mechanism scored substantially worse across all metrics. We also showed 
that the algorithm performs better when many tweets are posted about a relatively 
limited number of locations. This can be expected, as the groups of tweets for each 
toponym is larger on average, and thus more spatial information is available. 

Applying the algorithm to all 55.1 million collected tweets, we found 15.8 million 
tweets that mentioned a single location and 3.4 million tweets that mentioned more 
than one location. These location references were consisted of 11.2, 5.1 and 4.6 
million references to towns, administrative subdivisions and countries, respectively. 

 

Objective 2 | To improve the filtering of tweets related to ongoing flood hazards 
using contextual geographical data 

By nature, tweets are short, written in a large number of languages, error prone, 
contain slang and are often ungrammatical, thus introducing several difficulties for 
the algorithm. These issues make it difficult to filter tweets about ongoing flood 
events. One important hurdle is the short length of a tweet’s text, which often misses 
details that are important for an unfamiliar reader to comprehend the text. 
Therefore, pre-existing knowledge and context are necessary to fully comprehend a 
tweet. 

Chapter 3 showed that a classification algorithm can better separate tweets about 
ongoing flood events from tweets about other topics when hydrological contextual 
data is used. To show this, 4,000 tweets in English, French, Indonesian and Spanish 
were extracted from a database of 6.84 million flood-related tweets that mention a 
single settlement as well as a predefined, flood-related keyword between July 29, 
2014 and November 11, 2018. Next, textual and hydrological features were derived 
for each tweet and used as input for the classification algorithm. For the textual 
features, each word of the tweet's text was converted to a one-dimensional vector 
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using fastText word embeddings that were converted to a single, multilingual vector 
space using the MUSE library. To derive the hydrological features, the local 
hydrological sub-basin where the mentioned settlement was located, and its 
upstream basins were selected. Finally, 72 different rainfall statistics (e.g., percentile 
accumulated rainfall over the past three days in the local and upstream sub-basins) 
were derived by comparing the amount of rainfall in the selected basins at and before 
the moment the tweet was posted to the rainfall over the period of 2009 through 
2018.These features were subsequently used as input for a multi-modal neural 
network that classified tweets as either related to an ongoing flood event (i.e., 
“relevant”) or as irrelevant. An additional neural network was designed that only 
analyzed the textual features.  

By running three experiments with 50 runs each and with different configurations 
of the training and validation data, it was found that the inclusion of the hydrological 
statistics significantly improved the performance of the network in all tested 
configurations for all languages. For example, in the default configuration, the F1-
score was approximately 0.03 higher. Notably, the neural network with hydrological 
statistics was able to attain a precision of >0.90 (precision 0.92, recall 0.67), while 
the network without hydrological statistics could not reliably achieve this standard. 
In addition, it was shown that including hydrological features increased the 
performance when the neural network was applied to a language that was not 
included in the training data. 

Finally, because we are never fully confident about either the probability that a 
certain hydrological event induces flooding, nor are we fully confident about 
automatically classified tweets, combining tweet content and hydrological statistics 
can be useful for quantitative applications where high precision is required such as 
the detection of new events. In other cases, for example when responding to a known 
event, it can be more useful to classify using text and other attached media alone, to 
find the most useful qualitative information. 

Objective 3 | To develop an algorithm to detect and monitor flood events on a 
global scale from social media 

While a number of methods to detect flood events exists, nevertheless, not all flood 
events are detected. Additionally, flood events authorities identify are not always 
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recorded in global, easily accessible databases. Such databases are invaluable for 
developing applications that can help mitigate the impact of future floods. At the 
same time, during disasters, many individuals and organizations share information 
on the web. 

In Chapter 2, we first collected the number of mentions of a country or location 
therein (e.g., a province or city) in a database of 55.1 million geoparsed tweets that 
mentioned a flood-related keyword. These mentions were then compared to the 
amount of losses due to floods in that country. This process showed that the losses 
positively correlated with the number of tweets. However, other factors were also in 
play. For example, Chapter 3 showed that not all tweets mentioning flood-related 
keywords concern ongoing flood events. Moreover, other researchers have also found 
that the number of tweets in a country, as well as those in response to hazards, is 
influenced by factors such as the time of day, internet access, Twitter’s popularity 
and the fact that not all tweets that mention a flood-related keyword concern 
ongoing flood events (Chapter 3). In addition, the severity of the hazard and the 
number of tweets in response the hazard are non-linear (Kryvasheyeu et al., 2016). 

In response to the stated objective and the aforementioned non-linearities, Chapter 
4 outlined the development of an algorithm that can detect and monitor flood events 
on a global scale. The algorithm was designed take to the following steps: (a) first, 
localize tweets using the geoparsing algorithm outlined in Chapter 3; (b) discard 
tweets that do not relate to ongoing flood events using a classification algorithm 
based on a neural network (BERT); (c) discard duplicate or near-duplicate tweets; 
(d) correct for day and night variations in Twitter activity and (e) finally detect 
enhanced activity in the number of tweets that mention a country or its first-order 
administrative subdivisions. 

The algorithm was applied to a dataset of approximately 88 million tweets that 
mentioned a flood-related keyword in 11 languages, collected in just over four years 
(2014 to 2018). The algorithm was run in a sensitive (i.e., high recall), balanced and 
strict (i.e., high precision) setting, yielding 13,931, 10,551 and 8,588 events, 
respectively, in just over three years of evaluated data (the first year of data was used 
as a spin-up). To evaluate the algorithm, we manually verified a subset of events and 
checked if the event actually occurred. This showed that the strict run yielded a 
precision of 0.90, whereas the sensitive setting yielded a precision of 0.76. As the 
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total number of flood events is unknown, recall could not be established, but it was 
found to be approximately 37% higher in the sensitive setting compared to the strict 
setting. In addition, using a similar manual validation procedure, we verified events 
that were not available in Munich Re’s NatCatSERVICE and found that 66% of the 
events in the sensitive setting was a correctly detected event. However, it should also 
be noted that the criteria for incorporating an event in NatCatSERVICE are more 
stringent. 

In addition, it was found that the algorithm performed better for (a) more severe 
events: all events larger than catastrophe class 4 in NatCatSERVICE were found, 
versus 63% of events with class 0 or higher; (b) for higher-income countries (e.g., 
90% of all events was found in high-income countries, versus 63% in low-income 
countries); and (c) for the countries in which at least one of the official languages 
was included in input dataset (i.e., 63% for all countries versus 55% for countries 
where an official language was included). Finally, it was argued that the algorithm 
detected more flood events during periods where more floods were expected, such as 
during the monsoon season in Indonesia. 

Objective 4 | To improve rapid damage assessments using social media data 

Rapid damage assessments often performed after disasters are crucial to quickly and 
effectively mobilize resources for response and recovery efforts. Damage assessments 
are commonly conducted by combining the three components of risk: hazard, 
exposure and vulnerability. The vulnerability of the built environment is often 
expressed by a curve that relates the severity of a hazard to a damage ratio that runs 
from zero to one (inclusive). However, these curves are often based on pre-existing 
knowledge or insurance data. This reduces their applicability to the characteristics of 
the specific hazard and built environment based on which they were developed, 
which in turn compromises the accuracy of rapid damage assessments. 

Therefore, in chapter 5, an algorithm was presented that uses a Bayesian statistical 
framework to update existing vulnerability curves with post-disaster observations. In 
the approach a prior is constructed using the zero-one inflated beta distribution with 
parameters estimated based on historical observations and expert knowledge about 
the built environment. Then, posterior vulnerability curves are estimated using 
Gibbs sampling with post-disaster observations that were derived from social media 
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(YouTube). Due to its Bayesian nature, the approach can be used independent of 
the amount of data available by balancing the contribution of the prior and the 
observations.  

The approach is demonstrated in a case study of residential buildings in the Grand 
Bahamas and the Abaco Islands, which were hit in September 2019 by Hurricane 
Dorian. Here, we collected and analyzed footage primarily from Unmanned Aerial 
Vehicles (UAVs) and other airborne vehicles posted on YouTube in the first 10 days 
after the hurricane first made landfall on the islands. From the 498 videos posted on 
YouTube that were listed when searching for “Bahamas Dorian”, we only used those 
that (1) showed an overview of an area or a row of buildings such that the sample 
was as representative as possible, (2) that we were able to locate, (3) showed buildings 
that did not show extensive flood damage. From the resulting 15 videos, we extracted 
732 buildings. For each of those, the damage ratio [0-1] and building class (i.e., low-
, medium-, and high-quality) was estimated.  

For both sets of curves, we calculated the monetary damages by combining the 
vulnerability curves with hazard and exposure data. It was found that the total 
damages to residential buildings are 870 million US dollar using the prior and 727 
million US dollar using the posterior event-specific vulnerability curves. Further 
validation is required, however, before relying upon these results for application in 
actual recovery efforts. 

However, there are several limitations in the use of social media data in the 
assessment of building damages. First, online media observations tend to be biased 
due to geographical differences in their availability and a focus on high-impacted 
areas. Therefore, we argue that the approach can also be used in combination with 
insurance data or on-site observations by experts if such data is available. Second, 
vulnerability is a complex concept and difficult to capture in a curve that only 
accounts for sustained wind speed, while other factors such as rainfall patterns also 
play a large role in the damage to buildings. Finally, the variations in building quality 
were difficult to capture and improvements could be made by using pre-disaster data 
to better estimate the built quality of individual buildings. However, such data was 
unavailable for the Grand Bahamas and the Abaco Island. 
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6.2 The way forward 
Social media became popular in the early 2000s with the launch of many platforms 
such as MySpace in 2003, Facebook in 2004 and Twitter in 2006. People 
increasingly live their lives online, and in 2006 “You,” as part of the masses of users 
that contributed to content creation on social networks, were chosen as the TIME 
Person of the Year, thus acknowledging the start of the Web 2.0. At the same time, 
increasing numbers of satellites with high-resolution sensors were launched, and 
drones became a product for the masses. Moreover, an increasing number of devices 
were connected to the internet (i.e., the “Internet of Things”), collaborative mapping 
platforms (e.g., OpenStreetMap) were popularized, and internet access and speeds 
increased tremendously. 

In response, this thesis has shown how social media data can be more effectively 
employed in disaster risk management by outlining the development and assessing 
the performance of algorithms for finding disaster locations mentioned in text, 
classifying text, detecting events and improving rapid damage assessments. 

Moving forward, the key remaining challenges and opportunities are related to the 
following: 1) analyzing new data sources (section 6.2.1), 2) improving the 
performance of existing algorithms (section 6.2.2), 3) advancing dynamic 
information management to more effectively apply social media tools in the different 
parts of the disaster management cycle (section 6.2.3), and 4) the application of the 
methods in this thesis to drought monitoring (section 6.2.4). 

6.2.1 New data sources 
While limitations exist in the free versions of the Twitter API (e.g., one can obtain 
at most 1% of the total Twitter stream), tweets are easily obtainable and relatively 
easy to use when researchers and organizations agree to Twitter’s developer 
agreement. 18  However, a common challenge in disaster science is that of data 
scarcity, and social media is no different. While many tweets are posted for some 
events (e.g., Hurricane Harvey), many data-scarce regions exist (Chapters 2, 4), 
mostly caused by the lack of people with access to Twitter in some regions and the 

 

18 https://developer.twitter.com/en/developer-terms/agreement-and-policy.html 

https://developer.twitter.com/en/developer-terms/agreement-and-policy.html
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regional unpopularity of Twitter. While internet access is projected to increase 
rapidly, and thus more data will likely become available in data-scarce regions, issues 
regarding Twitter’s popularity require adding additional data sources. 
Unfortunately, data from other social media platforms is generally not as easily 
accessible. For example, while an API is available for Instagram, 19 it cannot be used 
for scraping (i.e., web data extraction). In addition, some platforms, such as 
Facebook, directly share (limited) information with crisis teams. 20 

In the broader context of online data, newspapers are an additional source of 
information, and several related free and paid APIs are available. While there is a 
large body of research on the automated analysis of text and newspapers in particular 
(e.g., Goyal et al., 2018), the information contained in news articles has rarely been 
used for disaster management. One of the reasons for this is that newspapers present 
less up-to-date information about people and assets affected by a disaster in 
comparison to social media sources. However, the text in newspapers is generally 
more structured, contains more information and tends to be more grammatically 
correct (Hu et al., 2013), and it is comparatively easier to extract detailed 
information such as named entities (Li et al., 2012). Some efforts have been made 
to construct disaster event databases from newspapers, for example, for landslides 
(Taylor et al., 2015) and coastal flooding in the UK (Haigh et al., 2017), and 
hydrometeorological extremes in Catalonia (Llasat et al., 2009). However, to the 
best of our knowledge, no automated effort has been made to construct global 
disaster databases using newspapers. 

6.2.2 Improvements in the ability to deduce information from online 
media data 

Many algorithms exist for the analysis of social media and other text and media data. 
While noting that the outcome of most algorithms would improve if more data were 
available (section 6.2.1), in this section, I make some recommendations for the 

 

19 https://www.instagram.com/developer/ 

20 https://dataforgood.fb.com/tools/disaster-maps/ 

https://www.instagram.com/developer/
https://dataforgood.fb.com/tools/disaster-maps/
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improvement of algorithms for the analysis of online media in disaster risk 
management. 

The localization algorithm in Chapter 2 uses several types of metadata, as well as 
data from other tweets that mention an identical toponym to find the most probably 
geographical location mentioned in a tweet. However, it is likely that additional 
information can be obtained from tweets that mention potential nearby locations. 
For example, when several tweets mention York, North Yorkshire in a relatively short 
timeframe, it is more likely that nearby locations such as Overton and Fulford are 
mentioned around the same time, as well. In addition, other data or metadata, such 
as the geography of a user’s social network (Takhteyev et al., 2012), information in 
linked content and contextual data, such as real-time rainfall observations and 
earthquake probability maps, could be used to improve the performance of the 
algorithm. Furthermore, a higher quality gazetteer and the inclusion of more 
geographical entities could help to boost the performance of the localization process. 

These improvements to the localization algorithm also likely lead to a performance 
increase of the detection algorithm. Furthermore, a higher weight could be given to 
some tweets based on the probability that a tweet signals an ongoing flood event. 
For example, a flood event could be detected based on a single tweet by trustworthy 
users (e.g., based on number of followers, trustworthiness of previous tweets or status 
with a trusted organization). Furthermore, social media could play a role in a 
comprehensive event-detection system where multiple sources are integrated, such 
as the integration of social media analytics and hydrological statistics (Chapter 3). In 
general, the higher the number of independent tweets that mention an ongoing flood 
event, the higher the probability is that such event has indeed occurred (Chapter 4). 
Likewise, other event-detection systems, such as those based on modeling physical 
systems (Bartholmes et al., 2009) and those based on satellite observations (Jongman 
et al., 2015a) have similar probabilities. Integration of these different sources could 
reduce the uncertainties in the individual systems or assist in earlier flood detection. 

While the flood detection system presented in Chapter 4 largely focused on the start 
of an event, the duration of an event itself and the duration of the recovery phase are 
important parameters to characterize and model the impacts of natural hazards. For 
example, lengthy flood events are more likely to cause large business disruptions 
(Koks et al., 2015) and to promote vector-borne diseases (Anyamba et al., 2014). A 
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lengthy recovery phase also increases the long-term impact on a community 
(Bevington et al., 2011) and increases vulnerability to consecutive disasters (de 
Ruiter et al., 2020). The durations of the respective phases could be extracted by 
classifying social media posts for an event in categories (e.g., warning, ongoing event 
and recovery), followed by assessing the relative number of messages in each category 
over time. 

After an event is detected (Chapter 4), the geo-unconstrained geoparsing task could 
be followed by a geo-constrained one. This allows for the inclusion of more detailed 
geographical features that are likely to have many occurrences worldwide, such as 
streets and local points of interest. Moreover, in recent years, there have been large 
advances in the automated localization of photos, for example by matching photos 
to previously collected geotagged photos (e.g., Google Street View) within that 
region (Li et al., 2017), although matching photos during or after a disaster is likely 
to introduce additional difficulties (e.g., buildings are damaged, flood water obscures 
streets and buildings). However, using this technique would allow a higher 
percentage of tweets to be located precisely, thus improving several applications, such 
as the identification of affected areas, the automated or manual creation of flood 
maps from social media and faster damage assessments. Moreover, when paired with 
automated damage detection in photos (Cha et al., 2017), the localization of photos 
could be used to further improve rapid damage assessments from social media. 

Finally, while hazard maps have been created from social media (Avvenuti et al., 
2018a; Brouwer et al., 2016), there are also limitations. This is especially the case in 
data-scarce and less densely populated areas. In these areas, integration with other 
sources could be beneficial. For example, flood observations from satellites have been 
successful in providing information to communities in rural areas, but they still have 
limited applicability in urban areas, where the backscatter of buildings limits 
applicability. Conversely, observations in online media are limited in rural areas but 
plentiful in many densely populated cities. Thus, combining these observations 
could result in the creation of better flood maps. 

6.2.3 Dynamic information management 
Almost by definition, natural disasters create a dynamic of spatial-temporal impacts 
(van den Homberg et al., 2018). To track the dynamics of the situation, large 
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amounts of data with small temporal intervals are required. As a consequence, 
organizations and researchers increasingly see the opportunity to use this data in the 
context of disaster management (Liu et al., 2008; Quaritsch et al., 2010; Sutton et 
al., 2008), both manually and in an at least partially automated way (Houston et al., 
2015; Meier, 2015). A recent example is the UN’s Managing Information for 
Natural Disasters (MIND) data platform, which combines several data streams 
including social media and newspaper data. While some studies found that social 
media can complement other existing data sources, for example by enabling more 
rapid flood detection (Jongman et al., 2015a) and detect a larger number of events 
(Chapter 4), other studies have found that big data sources, including social media, 
satellites and mobile phones, cannot be considered a panacea for disaster 
management (Blumenstock, 2018). Each data source has advantages and 
disadvantages. Some examples of the limitations of social media usage in practice 
include little data, bias and information that is often either highly generic (e.g., 
mentions of a country or city) or highly detailed (e.g., a picture of a damaged house). 
Some examples in practice are the following: 

- The successful creation of flood maps from tweets in York, UK (Brouwer et 
al., 2016), but in other locations, researchers have found that little data is 
available (Fohringer et al., 2015; Wang et al., 2018). 

- In disaster response, social media has been found useful, but often only in 
specific situations such as the initial deployment of first responders and the 
detection of events (Tapia and Moore, 2014; Yu et al., 2018). 

- This thesis showed (Chapter 4) that a large number of floods could be 
detected from social media that were not recorded in major disaster 
databases, but at the same time, other flood events were missed. 

Therefore, rather than being a replacement, the analysis of social media data should 
complement traditional data sources (Blumenstock, 2018) and more research should 
be conducted when, where and how social media information can complement 
existing sources. This allows disaster managers to dynamically assess different sources 
and combinations thereof, taking advantage of each source in different situations. 
For example, an event can be detected using social media (Chapter 4) followed by 
validation through assessment in the field by volunteers, tasking satellites to obtain 
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satellite imagery, and dispatching drones to the area to obtain local imagery. 
However, there are also cases where the amount of data available has led to cases of 
information overload (Reuter and Kaufhold, 2018; van den Homberg et al., 2018). 
In this context, more information is not always better. Broadly speaking, there are 
three ways to address this issue: 

1) Introduce additional labor force, for example, by enlisting local or remote 
(Humanitarian OpenStreetMap Team 21) volunteers. 

2) Create and improve algorithms that reduce the cost of using various data 
sources, i.e., making better use of the available labor force (examples for 
social media data are in section 6.2.2). 

3) Multi-source integration, cross-validation and data assimilation can reduce 
the number of individual products that need to be analyzed and improve 
the quality of the available information (section 6.2.2). 

Unfortunately, resources and time are limited, especially for decision makers, and 
consequently, the ability to effectively process this data remains limited. Besides 
improvements in the availability of algorithms and platforms, this calls for a better 
understanding of the cost and benefits of analyzing a specific dataset (van den 
Homberg et al., 2018). 

6.2.4 Opportunities for droughts 
While most early research on social media within the domain of disaster 
management has focused on earthquakes, floods have been increasingly analyzed in 
recent years, to which this thesis contributes. However, the use of online media for 
drought assessments has been researched to a lesser extent. While meteorological, 
agricultural and hydrological droughts are relatively well understood, their impact 
on societies (i.e., socio-economic droughts) is not. Several indicators exist, especially 
on a the global scale (World Bank, 2019), but a recent study has found that less than 
10% of all risk assessments validated their results with some form of impact data 
(Hagenlocher et al., 2019). Thus, detection and monitoring droughts and their 

 

21 www.hotosm.org  

http://www.hotosm.org/
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impacts through social media and other online media could help further develop and 
validate drought indicators. 

6.3 Privacy 
While the advantages of increased data availability are plentiful and so-called “Digital 
Humanitarians” strongly believe in the significant potential of open big data (Meier, 
2015), there are also downsides to the wide availability and use of this data, which 
often do not have explicit consent (Blumenstock, 2018; Mulder et al., 2016). While 
in the US and the EU, data privacy protection legislation has been developed in 
recent years, such as the EU’s General Data Protection Regulation (GDPR), in many 
developing countries, these laws are non-existent (Blumenstock, 2018). These 
legislative differences are also fueled by differences in cultures, age, educational 
background, etc., in the perception of online privacy (Cho et al., 2009; Krasnova 
and Veltri, 2010). 

In this context, this thesis only analyses publicly available data, and, unless explicitly 
allowed by a license, publishes only links or unique identifiers to online content that 
is only available for others if it is still publicly available (i.e., not deleted or otherwise 
removed). 

6.4 Broader impacts 
The final section of this thesis briefly discusses the broader, potentially adverse, 
impacts of the algorithms developed for this thesis following Hecht et al. (2018). 
First, I want to highlight some general misuses the algorithms described in this thesis. 
The localization and event detection algorithms presented in Chapters 2 and 4 find 
location and events mentioned in text could be used in adversely. For example, by 
targeting the whereabouts or meeting location of specific groups and taking localized 
repressive action. This could be worsened when the algorithms are applied to private 
messaging. While this increases the possibility of adverse uses of the algorithm, it is 
likely that when an organization has access to private messaging, they also have access 
to far easier and more efficient ways to track the location of people and the likely 
(nearby) locations mentioned in text, such as peoples addresses, locations from 
phone tower triangulation, or readings from the phone’s GPS.  

More specifically to the subjects discussed in this thesis, the algorithms presented in 
this thesis, can be misused by people. For example by ‘internet trolls’ posting a large 
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number of messages about a specific location or people in the area exaggerating their 
situation by posting photos of previous more impactful disasters to direct resources 
towards them (Homeland Security, 2018). Conversely, online posts by people can 
also negatively affect them. For example, when a flood insurance premium is set 
based on a model that is derived from or validated using their social media post, it is 
possible that the insurance premium is increased based on the content of an online 
post.  

Finally, when social media based algorithms are used in disaster management, 
practitioners should be careful to rely solely on this type of algorithms as this could 
steer response and recovery efforts more towards less vulnerable regions with a better 
representation in gazetteers (Acheson et al., 2017), and a younger, richer population 
(Poushter, 2016; Sloan et al., 2015).
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