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Executive Summary

Natural disasters pose serious threats to people living in disaster prone areas. With the growing number of
disasters, the number of refugees grows steadily along-side it. Fortunately, many humanitarian organisations
work tirelessly to provide the aid that is needed in times of disasters, preferably when and where is it needed
most. However, the agencies involved need information in order to execute these essential tasks. Current
methods of collecting this information on, for example, the needed food and supplies, rescue missions and
warning signals, incorporate surveys or headcounts carried out during the emergency relief phase. Sharing
thisinformation among humanitarian agencies and governmental organisations is o ten time consuming and
ine cient. The agencies, although experienced, work with the tools that are available, such as data standard-
isation on online platforms that are sometimes build. A major problem however, is that the agencies are o ten
not aware of where refugees are and where they are going. In short: what the mobility behaviour of this highly
vulnerable groupiis.

The importance of understanding human mobility behaviour has been recognised by many researchers,
resulting in numerous studies that have provided insight in the matter. Whilst patterns in human mobility
behaviour have beenrecognised, even during amajor disaster, the predictability of these patterns hasreceived
insu cient attention. A major break-through in the predictability of population movement patterns came
with the application of mobile location data of large numbers of users.

The advantage of using mobile location data seems clear, the data is already collected by Mobile Network
Operators andthe information it contains could potentially reveal patterns that could not have been uncovered
using other methods. A major problem here is that the data contains sensitive information that violates the
privacy of mobile phone users. As a solution, the mobile location data is aggregated over the time- and space-
dimension. This results in the loss of details that could be valuable and make us question the suitability of
using the data for prediction of population movements. This poses a knowledge gap, based onwhich this study
is proposed. The objective of the study stdteaining more insight in the predictability of mobility patterns during
the disaster recovery phase in order to advice humanitarian agencies on where to focus their support almost real-time"

During the study, the answer to the following main research question is pursued:

How do populations move during a major disaster and can the destinations of the moving population be deter-
mined using data thatis available to humanitarian aid organisations?

A case is introduced as illustration of the possibility of pattern recognition: the a termath of Hurricane
Matthew in Haiti in 2016. During this devastating disaster, an estimated number of 2.1 million people were
a fected. Many of these people became refugees right a ter the hurricane hit land and tried to nd a safer
place to stay. The mobility patterns of these refugees are tracked by their mobile location in Call Detail Records



(CDR). Thedatais expectedtoallow for researching the predictability of the population movements, which will
essentially function as valuable information for humanitarian agencies on where to bestfocus theirmoney and
e forts.

Itis clear that, during the a termath of the disaster in Haiti, political tension and a lack of data manage-
mentledto miscommunication and confusionamong the involved agencies. As aresult, especially the a fected
populationfrom rural areas thathad nohomestoreturnto did not receive the assistance they needed. And fur-
thermore, could e cientdata collection have prevented the loss of the already limited amount of money and
e forts by humanitarian aid organisations.

Data provided by the organisation Flowminder allows for adi ferent approach towards the investigation of
the population's movements. Itincludes also those individuals that did notend up in shelters or refugee camps
and could therefore provide more insight in the extend to which the consequences reach. For the purpose of
protecting the privacy of the users, the aggregated data retrieved from the original CDR's has been used.

As some of the identi ed drivers behind the mobility behaviour of individuals were not present in the
dataset, the geo-locations have been estimated. Thismade it possible to add missing drivers, butitalso showed
that the spatial aggregation of the data could at least to some extend be undone. Using the obtained geo-
locations of the displacements within the dataset, a predictive model is build. The model incorporates a k-
Nearest Neighbour classi er and showed a maximum accuracy score of 67%. An important reason for the un-
derperformance of the model is the clustering of values that has taken place in the pre-processing of the data.

Overall, some important lessons are learned about the predictability of population movements in a situa-
tionwhere datais scarcely available. The aggregation of the displacement data shows that there is a trade-o f
between the protection of sensitive user information and the potential added value that research around CDR
data provides. As aresult, some recommendations regarding the data handling were formulated. The most
important recommendation is that the involved parties should try to work towards stronger mutual trust, so
thatless aggregated CDR data could be usedinfuture research. Before thisis established, the data preparation
practices could be revised, so that the data becomes more useful while still protecting the users' privacy. Itis
advised that the time-frames that are separated are resampled so that they are of the same length. And that
the last Iter used to identify Internally Displaced Persons within the larger CDR dataset is not applied, as this

Iter excludes the displacements of people that had no working phone connection during the rstweek. This
subset of displaced persons is expected to be highly vulnerable and the exclusion means that their movements
are not represented in the analysis.
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Introduction

"All across the world, in every kind of
environment and region known to man,
increasingly dangerous weather patterns and
devastating storms are abruptly putting an end
to the long-running debate over whether or not
climate changeisreal. Notonlyisitreal, it's
here, and its e fects are giving risetoa
frighteningly new global phenomenon: the
man-made natural disaster.”

Barack Obama
-2006

Many people are a fected by natural hazards and disasters worldwide, and the numbers are growing ev-
ery year. The UN Refugee Agency estimates the number of forcibly displaced persons to have grown to almost
80 millionin 2020 (Walles, 2020), an amount higher than ever measured. The part of the internally displaced
refugeesis around 57%, meaning that more than half of the refugees stay in their own country. These so-called
Internally Displaced Person (IDP) ‘s are considered highly vulnerable, as the camps thatthey o ten end up stay-
ing in do not meet the needed health standards (WHO, 2012). In some cases the refugees ee for the govern-
ment that is supposed to protect them and in other cases the government does not have the means to help
refugees within their country. In addition to the poor conditions in these camps, they are usually located in ar-
easthatare di culttoreach, making it challenging to deliver humanitarian assistance (UNHCR, 2020). Also,
the exact number of people staying in such campsisdi cultto estimate due to the highrate ofin-and out ow
of refugees and limited methods to count the number of people living in the camps e fectively.

Fortunately, many organisations are concerned with the health and well-being of refugees and are com-
mitted to the improvement of disaster response and accommodation of this vulnerable group. One of these
organisations is The The International Federation of Red Cross and Red Crescent Societies (IFRC). Not only are
IFRC volunteers o ten among the rstto provide emergency relief a ter a disaster, the foundation also focuses
on the reduction of su fering by engaging before a disaster strikes (Red Cross, 2008). The IFRC has found that
theimpact of disasters can e fectively be mitigated during the phase right before the blow. This phaseis called
the Early Warning Early Action (EWEA) period. Examples of these activities include the warning of farmers to
harvest their crops or help strengthen houses that are located in risk areas (Red Cross, 2020).



Inordertoimprove the speed and (cost-)e fectiveness of humanitarian aid, an IFRC initiative called 510 was
initiated (510.global, 2021b). The goal of 510 is to e fectively use data to better understand opportunities that
emerge around humanitarian aid. As a result of this, the organisation aims to better prepare for or cope with
disasters and crises (510.global, 2021a). 510 is involved in four phases around a disaster, including the EWEA
phase. Before the EWEA period, 510 engages in disaster preparedness which includes digital risk assessment
(510.global, 2021b). Moreover, following the disaster, disaster response and recovery phases are applied by
volunteers of the IFRC. Figure 1.1 shows a visual representation of the four phases in a time-frame with their
complementary approach.

Figure 1.1: The 510.global disaster phases

Currently, emergency relief activities for refugees are emphasised during the disaster response period,
partly due to the lack of information on the Spatio-temporal movement of the a fected population. Methods
to gain some insight into the number of people staying in known displacement sites include headcounts and
surveys. Collecting this data is time-consuming, while a quick response is essential during a (natural) disaster.
Also, these methods leave out the refugees staying in other places, such as with family, in abandoned build-
ings or even in caves (Mooney & Yemen, 2012). Therefore, these people are o ten not provided with the aid
they need a ter eeing their homes. Improving the information communication on refugees' location could
potentially lead to far more tting humanitarian aid than is the case now. Essential requirements would be to
gain insight into how many people leave their homes before, during and a ter a disaster. What locations they
move to and how they decide on their destination. In other words, the mobility behaviour of the population.
This way, humanitarian agencies will have the opportunity to prepare camps with supplies on locations that
IDP's are likely to arrive.

These methods of surveys and headcounts do however not satisfy the extensive data collection that is
needed in order to recognise patterns in the IDP 's mobility behaviour. Not only is the data collection o ten
chaotic and of lower priority during a disaster (imagine having to Ilin a survey while being in major distress),
this data alsois mainly essential to analyse emergency relief measures. Real-time data collection would there-
fore be of great value if it could be analysed in real-time too. Preferably even without the input of time and
e fort from emergency workers, so that their primary focus can be on the people who need them most.

1.1 Problemde nition

Humanitarian organisations cooperate with (local) governmentsto distribute their collected dataase ciently

as possible, given the disaster circumstances. Understanding the current situation helps describe the issues
that data collection during a disaster brings and the solution required to tackle these issues. Itis essential that
human behaviour during disaster situations is analysed, clarifying the sort of information that the data should



attheleastcontaintorepresentthe IDP's movements. Itisthen possible to comparethe currentdata collection
with potentially more accurate data available during a disaster.

1.1.1 Currentmethods of data collection during adisaster

Collecting accurate data during a disaster is essential to ensure e fective disaster response (Morton Hamer,
2011; Kuboetal., 2019). However, the chaotic nature of the situation during a disaster does not allow for exten-
sive data collection. In addition, there might be political and economic challenges that prevent the collection
of accurate data (Morton Hamer, 2011). Thenthere is the endless need for information, the most critical factors
of which have beenidenti ed by The Sphere Project (UNHCR, 2011) to be mortality rate, infrastructure assess-
ment, medical supply necessities, food and shelter needs. All of these factors are related to or retrievable from
the movements of the population. Also, the sharing of information among humanitarian agencies, govern-
ment organisations and nancial support agencies requires timely communication, which is o ten tricky dur-
ing emergency activities. The World Health Organisation (WHO) too stresses the importance of improvement
of the current data-sharing tools on health data. The data collection tools used by humanitarian organisations
mainly focus on the medical needs of refugees in camps and the mapping of facilities and potential locations
for new shelters where food and medical assistance can be provided.

In some cases, the e ciency of data sharing is upgraded signi cantly by the e forts of Universities or Re-
search Groups. During the earthquake in Haiti in 2010, Universities Harvard and Boston joined forces into
building a data portal that incorporated all disaster-related data to facilitate data sharing (Harvard University,
2010). Simple forms ensured the standardisation of the data storage and the possibility of fast data sharing
among di ferent agencies. Nevertheless, the humanitarian volunteers had no information on how many new
refugees were expected to show up or leave the camps.

Although human mobility plays a critical role in disaster response and emergency relief, not much real-
time data is collected that contains patterns of a population's movements during a disaster. Understanding
human movement patternsis vital for three main reasons as described by Wang and Taylor (2016). Firstly, itde-
termines the e fectiveness of evacuation activities. Overcrowding, crushing and accidents are likely to happen
during an evacuation (Pan, Han, Dauber, & Law, 2007), while a deeper understanding of the eeing behaviour
of people helps to prevent these kinds of unnecessary injuries and even deaths. Secondly, population move-
ments e fectively impact the e ciency of information communication. O ten during disasters, communica-
tion networks are damaged, making the information infrastructure dependent on peer-to-peer connections.
The part of the population that displaces themselvesincreases the width and speed of information di fusionin
this situation (Kleinberg, 2007). Criticalinformation on dangers, injuries and evacuation routes o ten ndtheir
way in these communication routes (Alessandro, 2010). And thirdly, population movement prediction could
potentially save lives since localising individuals that are still staying in dangerous zones might be guided to
safety (Wang & Taylor, 2016). In addition, prediction of the movements of the population allows humanitarian
agencies with information on where to set up camps and how many people to expect over the following days,
weeks or months.

Even though the importance of understanding population movement behaviour is recognised in these
studies, the application of the obtained insights on movement patterns during disasters is still minor (Wang
& Taylor, 2016). There are no traces of any tool or platform on which humanitarian agencies can see forecasts
of population movements during a disaster, nor are there predicting models available on these movements.
Studies on the phenomenon of movements during a disaster and studies on mobility patterns in normal con-
ditions help us understand the motivations behind people's decision to change their location.



1.1.2 Human mobility behaviour during disasters

Previous research has shown that patterns can be recognised regarding population movement a ter sudden-
onset disasters, such as the earthquake in Haiti in 2010 (Lu, Bengtsson, & Holme, 2012), the earthquake in
Nepal in 2015 and Hurricane Matthew in Haiti in 2016 (Li, Dejby, Albert, Bengtsson, & Lefebvre, 2019a), and a
cyclone in Bangladesh in 2012 (Lu et al., 2016). The primary nding in these studies is that mobility patterns

a tersuddenonsetdisasters are far better predictable thanwas expected (Lu etal., 2012; Lietal.,2019a). First of
all, Lietal. (2019a) found that half of the number of IDP 's have returned to theirhomes a ter four to ve weeks

a ter a disaster. Secondly, these studies show that refugees are likely to go to locations that they have visited
before the disaster (Li, Dejby, Albert, Bengtsson, & Lefebvre, 2019b; Lu etal., 2012, 2016). These are expected
to be places where family or friends live where they can stay in safety. This observation also complies with
the study of Mooney and Yemen (2012) where surveys were used to determine the destinations of relocating
residents. Lastly, a thorough analysis of the earthquake in Nepal in 2015 has shown that mobile location (or
Call Detail Record (CDR)) data is suitable for near real-time assessment of refugee destinations (Wilson et al.,
2016). Assessment of the obtained data has shown the in- and out ow of di ferent areas within Nepal a terthe
earthquake in unprecedented detail, which proved to be of great value for humanitarian organisations already
during the disaster (Wilson etal., 2016).

Such detailed analysis on the Nepal earthquake by Wilson et al. (2016) revealed patterns in population
movement that were not only valuable at the time but also provide insight in IDP behaviour a ter sudden dis-
asters as awhole. However, earthquakes are a type of natural hazard that, in many cases, have a warning time
of only afew seconds (Ra ei & Adeli, 2017) in contrastto oods, where the warning time could be days or even
weeks before the ood happens. In some countries, certain rivers are knownto ood following a seasonal pat-
tern. The more extended warning period of oods gives the population living in risk areas some time to leave
their homes for a safer place. In addition, it provides humanitarian agencies with the opportunity to apply
warning measures, such as guiding the population of an a fected area to higher ground or help reinforcing
houses and other important buildings. Therefore, itis of value for these agencies to gain some more insight
into refugees' moving behaviour during the critical period before the disaster happens and a ter. On the other
hand is the damage caused by a ood proceeding for a longer period, making it hard to determine what the
losses will be inthe long term.

Collecting real-time data is essential in this context. The role of social media in collecting real-time data
has increased signi cantly as, during the last decade, the data sets within these platforms were becoming
more open and accessible. Especially location stamps added by users on Twitter and Facebook provided un-
precedented levels of population movements during disasters (Wang & Taylor, 2016; Liu, Yang, Ye, An, & Chen,
2021;Barchiesi, Preis, Bishop, & Moat, 2015). Using these data sources do, however, raise concerns of ethics and
moral validation behind the usage of these data sets (R. F. Hunter etal., 2018; Maher et al., 2019). Primarily hu-
manitarian aid organisations are concerned with their public approval using data that is not anonymous and
of which the ownershipis not clear (Maher etal., 2019). This means that there is a need for ethically obtained,
real-time data on population movements during a disaster.

1.1.3 Dataavailability

Mobile location data could pose as a solution for this ethically obtained, real-time data requirement. This
data type is collected by the local phone providers for billing purposes and is called CDR data. Every record
represents a call or SMS routed through a cell tower (assumed the closest one), thereby providing the user's
approximate location. The record is made anonymous a ter data collection but includes the demographic in-
formation of the person using the phone. This kind of CDR data is called event-driven as an event (read: call
or text message sent) causes the trigger to store the location of a user. Opposed to network-based CDR data,
which requires an internet connection to provide the user's location every several minutes (Oliver, Matic, &



Frias-Martinez, 2015). During the analysis of CDR data, it is assumed that every phone is used by a single per-
son, meaning that the location of an individual can be tracked. Detailed CDR data is however hard to obtain,
as this data is valuable as an asset for telephone providers and it is sensitive for personal privacy validation.
Anonymisation of the data is therefore essential.

CDR data has the potential to help us gain insight into where refugees are located almost real-time, as is
done a ter the Nepal earthquake in 2015 (Lietal., 2019a). Here, the CDR data provided a surprising level of in-
formation on the movement of the population and showed patterns that are nearly impossible to be exposed
using only surveys and counting (Wilsonetal., 2016). A betterunderstanding of these patterns are notonly pre-
cious forhumanitarian organisations during emergency relief but mightalso serve as a predictive measure dur-
ing the disaster recovery phase. The Spatio-temporalinformation of a high number of mobile phone users can
reveal so-called predictors that could help humanitarian organisations determine where aid is needed shortly
a terorevenbefore adisastrous eventtakesplace. The scale ofthe CDR data collection allows for patternrecog-
nition and describing changes in these patterns during a disaster.

1.1.4 Knowledge Gap

Among others, an organisation called Flowminder has already researched the prediction of population move-
ments during particularly devastating disasters and found that CDR data s highly relevantto build a predictive
modelupon (Lietal., 2019a). However, as the data collection and sharing is somewhat problematic, seeing the
sensitive nature of the individual information that it contains, the usability of CDR data needs to be putinto

a broader perspective. The data in itself might be incredibly valuable, but the need for anonymisation could
lead to considerable loss of information. On top of that is CDR data hard to obtain, and do only a handful of
researchers have access toit. This study, therefore, focuses on the suitability of using CDR data to predict pop-
ulation movements during major disasters compared to other data. The main emphasis lies on the usage by
humanitarian organisations and their access to di ferent data sources at the time of the disaster. As far as is
known, this kind of study had not yet been performed.

1.2 Researchscope

This research is conducted in cooperation with 510, an initiative of the Netherlands Red Cross. 510 works to-
gether with the Red Cross National Societies and their local partners to improve the speed, quality and cost-

e fectiveness of humanitarian aid through data processing and modelling. Digital transformation and under-
standing humanitarian data are atthe core oftheir mission and vision. One ofthe programsthat510is engaged
inis called Innovative Approachesin Response Preparedness (IARP). This program focuses onreducing the im-
pact of climate change through forecast-based nancing, data preparedness and cash transfer programming.
Within the program, 510 engages with another organisation called Flowminder in a feasibility study of popu-
lation movement. The purpose of this project is to assess the feasibility of predicting population movements
both pre- and post-disaster.

Flowminder is a Swedish non-pro t foundation with solid expertise in the usage of mobile operator data,
geospatial data and survey data. Their primary focus is on assisting the most vulnerable populations in low-
and middle-income countries, where their e forts have led to close relations with local Mobile Network Oper-
ator (MNO) 's. Their network of MNO's not only opened up the possibility of retrieving mobile location data
of large numbers of phone users for research conducted by Flowminder themselves, but it also brought the
option of sharing data with other parties to study. The mobile location data is sensitive, and therefore Flow-
minder has designed several models that allow the pre-processing of the data to be done before it leaves the
servers of the MNO.



The cooperation between 510 and Flowminder allows for a unique combination of expertise and networks.
The joint forces around data analysis and modelling and within the humanitarian eld provide thatthe popu-
lation movements during and a ter a disaster can be studiedin a di ferentway than has been done before. Not
only can already obtained data be used to nd patterns in the population movements, it also o fers the possi-
bility of near real-time assessment of the data, when the relations with MNO 's within disaster-prone countries
are initiated, strengthened or maintained.

The project of 510 and Flowminder assessed the feasibility of predicting population movements both pre-
and post-disaster, but this study is applied to the post-disaster part of the project only. The potential appli-
cation of the ndings pre-disaster, based on the ndings, will however be discussed too. The ndings are ex-
pected to potentially make a di ference in humanitarian aid operations from the EWEA-phase until the Dis-
aster Recovery-phase. Since there are disasters that do not have an EWEA-phase, such as earthquakes that do
o ten only have a warning period of a few seconds, these are out of the scope of this study.

1.3 Researchsetup

Movement patterns of the a fected population during a disaster have been widely researched. However, the
analyses are performed (sometimes years) a ter the disaster has taken place. Getting a better understanding of
the relocating behaviour of a population during a disaster is already particularly valuable for humanitarian aid
organisations and governments. The possibility of providing real-time data in combination with a more com-
plete overview of displacement behaviour is expected to support humanitarian agencies to focus their energy
and e forte fectivelyand e ciently. Thisresearch will assistthe 510 data analysis team andre ecton howthe
data sharing could be improved.

The main objective of the research is formulated as foll@aing more insight in the predictability of mo-
bility patterns during and a ter a disaster, in order to advise humanitarian agencies on where to focus their support al-
mostreal-tim&his study will focus on the EWEA phase, the emergency relief phase the recovery phase within
the disaster phases as shown in g. 1.1. The emergency relief phase di fers from the other two, as it is typi-
cally very chaotic. All involved actors focus on the immediate danger zones and minimise the number of ca-
sualties. These teams contain military forces, local and international medical personnel and rescue mission
teams. The application of population movement models is thus di ferent during the emergency relief phase.
Although o ten the teams that play a signi cant role in the recovery phase are already present on-site during
the emergency relief phase, their focus is somewhat di ferent. Their e forts are concentrated on providing aid
and supplies in areas where IDP 's are still in need of it and help reorganise and rebuild communities. This
phase is where the understanding of population movement is essential and where considerable di ferences
can be made with EWEA practices too.

Giventhe research objective, the main question of the research will be:

Main research question

How do populations move during a major disaster, and can the destinations of the moving population
be determined using data that is available to humanitarian aid organisations?




Sub-questions leading to the answering of the main question are the following:

1. What are currently identi ed main drivers for change in mobility behaviour during and a ter an ex-
pected disaster?
(&) Whatdoes the literature say about the changes in mobility patterns a ter disasters?
(b) Which are the mostimportant lessons that can be learned from this literature?

2. How do emergency response activities trigger the movements of a population?

(a) Which characteristics of the population should be considered?

(b) Whichwarning signals were in place before and during the ood?

(c) Canachange in mobility be recognised that indicate a follow up on warning signals by the local
population?

3. Which changes in population movements can be recognised a tera ood in comparison to normal con-
ditions?

(a) How isthe change in mobility behaviour due to the disaster detected?
(b) How can the explanation of the change in mobility behaviour be strengthened?

(c) Whatarethe keydrivers behind a change in mobility due to a disaster that could be usedto predict
mobility behaviour?

4. What are the mostimportant requirements for the speci cation of a predictive model?

(&) Which methods represent the real-world working of the system best?
(b) How canthe model be optimised?

5. Towhatextent can the population movement caused by a disaster be predicted?

(&) How well does the model perform?
(b) Which features are mostimportant for the prediction?
(c) Doesthe model change overtime?

1.4 Researchapproach and structure

The research approach that will support the answering of these questions is a case study. As a case, the conse-
guences of Hurricane Matthew in Haiti in 2016 will be analysed, as this disaster resembles such a destructive
event that it is almost inevitable that the mobility patterns will change signi cantly (Wang & Taylor, 2016).
The approach tsthe purpose of gaining a better understanding of real-world population movementsin future
disastrous events. Performing a case study does however come with challenges. The most important limita-
tions of case studies are their validity, and generalisation (Yin, 2013). Caused by the fact that there are o ten
just a few cases identi able, validation of the found results has to be done di ferently than when many cases
can be studied. Predominantly because the signi cance of the results cannot be determined through sample
size. This property of the method poses a major challenge, but some suggestions to tackle the problem are
proposed. One of those suggestions is to collect data from observations in the actual local setting (Erickson,
2012). In this proposed study, that means that real-time and local data is collected in Haiti. Overcoming this
generalisation problem means that the research should not search for an abstract theory. Instead, it should
aim for concrete conclusions that are applicable to the selected case (Yin, 2013).



The veintroduced sub-questions are subsequently addressed as shownin g.1.2. The rstsub-question
is answered by means of a literature review in chapter 2. Based on the literature review, the research design
in outlined in chapter 3, which serves as an overarching chapter that puts together the steps that are taken to
ful Il the research objective. Until this chapter, the scope of the research is converging. The methodology is
the central part of this study, from which the scope will be diverging by applying the methodology to a case.
The rst step, introducing the case, consists of a theoretical exploration and is addressed in chapter 4. The
second step is the data preparation, which is described in chapter 5. The third and fourth step are the feature
selection (in chapter 6) and model selection (inchapter 7). Based onthe methodology, the results are presented
in chapter 8. Athorough interpretation of the results and the methodology as awhole is discussedin chapter 9,
followed by the main conclusions in chapter 10.

Figure 1.2: Structure of the reportincluding the chapters and the research questions that are addressed



Characterisation of
Displacement Behaviour

"No one leaves home
unless home is the mouth of a shark."

Warsan Shire
-2015

To identify the main drivers for changes in population movements during a disaster, a better understand-
ing of the process of decision making by the people within that population must be established. The address-
ing of individuals' movements is speci cally focused on their mobility behaviour. Once we can identify what
makes a person decide to leave their homes or take a di ferent route to work, the changes in movement pat-
ternsinthe system as awhole can be grasped and analysed. A de nition of core concepts (in section 2.1) isused
to form a base on which the main drivers behind human behaviour during a disaster are discussed. To identify
these drivers, a literature review is conducted in section 2.2. This review is focused on human behaviour dur-
ing disasters, and more speci cally, expected disasters such as oods. The most important lessons from the
literature review are summed up in section 2.3, which will form the basis for further data exploration.

To characterise population movements and the patterns that it shows, the rst research question will be
addressed in this chapter:

Research question 1

What are currently identi ed main drivers for change in mobility behaviour during and a ter an|ex-
pected disaster?

(a) What does the literature say about the changes in mobility patterns a ter disasters?

(b) What are the mostimportant lessons that can be learned from this literature?

2.1 De nition of core concepts

To understand population movements, itis essential to understand the mobility behaviour of the individual's
that the population consists of. Some core concepts might sound con icting or ambiguous and therefore re-
quirefurtherexplanation. The di ference between population movements and mobility behaviouris explained
andthe di ference between Internally Displaced Persons and refugees. Using various de nitions, the use ofthe
termsis outlined so that the applied de nitions within this study become clear.



The di ference between population movements and mobility behaviour is mainly caused by a di ference
in perspective on the systeRPopulation movemesm be de ned as "the movement of people (in case of the
human population) from one place to another with intentions to settle in the new location either temporar-
ily or permanently®. Mobility behaviour describes "how individual humans move within a network or sys-
tem” (Key tz, 1973). When translating the population movements to individuals, a likely translation would be
to speak of individual movements. Nevertheless, this term does not quite grasp the essence of what is stud-
ied here. Individuals move, but it is the change in their behavioural patterns that is interesting in this case.
In normal conditions, individual movement is quite predictable as it follows daily, weekly, and seasonal pat-
terns (Noulas, Scellato, Lambiotte, Pontil, & Mascolo, 2012), but a disaster disrupts these patterns. In other
words, the change in the mobility behaviour of many individuals is what causes the population movements
(see g.2.1).

Figure 2.1: In normal conditions, mobility behaviour is rather pre-
dictable and population movements are minimal, during disas-
ter situations the mobility behaviours of individuals change and
alarger proportion of the population moves.

The di ference between an IDP and a refugee is more apparent. As the UN Refugee Agency describes it:
"Refugees are people who have ed war, violence, con ict or persecution and have crossed an international
borderto nd safety in another countA/while "Internally displaced people (IDPs) have not crossed a border
to nd safety. Unlike refugees, they are on the run at hoiriBfis study, refugees are not considered. While
their relevance is to no extent diminished, refugees o ten seek permanent displacement instead of temporal,
meaning that they o ten do not return to their homes. In addition, refugees are o ten lost from sight when
crossing the country's borders, as they then also leave the borders in which humanitarian aid organisations
operate. When assisting internally displaced persons, one of the main priorities is their return home and their
resilience during potential future disasters. This also enhances the continuation of local development.

2.2 Literature Review

This literature review covers the theoretical understanding of a part of human behaviour during a disaster. In
a situation where the consequences of an expected disaster form major security risks, individuals' decision-
making process involves many perceptions and presumptions. For example, if the perceived risk of staying at
home is high and the options of leaving for a safer place are available, it may lead to the decision to resettle fora
while. Onwhich variables the decision to leave or stay depends, and what the destination of the displacement
will be, are widely researched. Mostly because the relevance of understanding the decision making process

Ihttps:/iwww.aresearchguide.com/population-movement.html
2https://www.unhcr.org/what-is-a-refugee.html
Shttps://www.unhcr.org/internally-displaced-people.html
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of people in distress is re ected upon by the success or failure of humanitarian aid actions. As the results of
research aroundthe eeingbehaviour of a population during a disaster implicate the actions taken by human-
itarian agencies, nding drivers is highly relevant. Once agencies understand when and where people might
relocate, they can focus their e forts on these hotspots more accurately.

Therefore, this literature review aims to identify the variables that in uence a person's decision to stay at
home or relocate during a disaster. The approach to this review is shownin g. 2.2.

Figure 2.2: Approach for the literature review

2.2.1 Selection of keywords

Identifying key search terms is a process partly done by trial-and-error and partly the result of reviewing ex-
perience. Using peer-reviewed research papers and other sources such as news articles, agency reports, web
pages, and conference papers, a broader sense of the research eld has been obtained. An unstructured ex-
ploration of the available information has resulted in the selection of keywords that are presented intable 2.1.
Research methods that have been used are snowballing and nding related studies. The primary sources for
the literature review are Google (Scholar/Books) and Scopus.

Table 2.1: Selected keywords

Human Mobility Behaviour Disaster Response Flood
Human displacement Disaster response Flood
Displacement behaviour Humanitarian aid Flooding
Mobility Humanitarian assistance Hurricane
Mobility behaviour Early warning signals Flood Risk
Population movement Evacuation Storm surge
Origin Destination Risk perception

2.2.2 Relevantpapers

A combination of the selected keywords generated a fair amount of publications, of which some have been
selected for the literature review. Based on their relevance for this study, the publications in table 2.2 are cho-
sen. The table outlines the concepts discussed too, to provide an overview of the coverage that the selected
keywords o fer.

2.2.3 Review

Like in other research elds, the generally increasing availability of data on the behaviour of a population has
o fered the possibility for more detailed analyses. Inthe last decade, the use of big data, machine learning and
choice behaviour modelling has enhanced the understanding of the driver's behinds individuals' decision to
displace or stay at their residence. Previous to the availability of large datasets and enough computing power
to run heavy models, primarily qualitative research was done using data collected by surveys. This method is
stillwidely used during the disaster recovery phase and to study human behaviour a terwards. It does provide
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Table 2.2: Selected literature with keywords

Citation Human Disaster Flood
mobility response
behaviour

(Meekanetal.,2017) v’
(Haataja, Hyvérinen, & Laajalahti, 2014)

(Poussin, Botzen, & Aerts, 2015)

(Wilsonetal., 2016)

(Smith & McCarty, 2009)

(Do, 2019)

(Lazrus, Morss, Demuth, Lazo, & Bostrom, 2016)
(Few & Tran, 2010)

(Sultana, 2010)

(Kaewkitipong, Chen, & Ractham, 2016)

(Allaire, 2016)

(Tim, Pan, Ractham, & Kaewkitipong, 2017)
(Botzen, Aerts, & Van Den Bergh, 2009)

(Haynes, Tofa, Avci, van Leeuwen, & Coates, 2018)
(Aertsetal., 2018)

(L. M. Hunter, 2005)

(Hamilton, Demant, Peden, & Hagger, 2020)
(Bempah & @yhus, 2017)

COCKK
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athorough understanding of information that individuals took into consideration when deciding to leave. Big
data, onthe otherhand, has abroaderfocus. Itnotonlyinvolves people who stayed in refugee camps ortempo-
rary shelters (o ten surveys are held on these locations) but also takes those into account that stays with family
or friends. Alternatively, those that decided not to return to their home location, although this proportion of
the populationis o ten tiny (L. M. Hunter, 2005). In other words, big data represents a larger part of the popu-
lation, but with more shallow information as itis o ten quantitative. In contrast, qualitative data from surveys
and stakeholder interviews represent a smaller population with more detailed information.

Studying the determinants that accurately describe the decision-making process that people go through
during a disaster allows for many di ferent approaches. Poussin et al. (2015) uses the Protection Motivation
Theory (PMT) to describe the decision making process. This theory uses the threat appraisal, meaning in this
casethatresidentstake adaptive measuresin orderto protectthemselves fromexpected oods, butonlywhen
they perceive the threat to be high. If they perceive the protective measures to be e fective, a fordable and
easy, they will consider taking protective measures (Poussin etal., 2015). However, the perception of the ood
probability seems to be a fecting the perceived a fordability strongly, and therefore the analysis is highly de-
pendentonthisvariable. The study also took place in France, so one could argue that a stable political situation
and economy are key determinants for the outcome of the application of the PMT model.

Another approach is the Dynamic Disaster Model (DDM). It describes the progress of evacuation activities
and human behaviour during a disaster from a psychological perspective. The cognitive and emotional states
of an individual that is a fected by a major disaster change over time (Vorst, 2010). Therefore, the model in-
corporates three disaster phases: the pre-impact phase, the impact phase, and the post-impact phase. During
the pre-impact phase, the threat stage and warning stage occurs. Pre-impact is also the phase in which evac-
uation happens. Risk estimation is very low, and thus, not everyone sees displacement as a necessary action.
The impact phase involves heavy stress and sometimes denial of the intensity of the disaster, both likely to hin-
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der e fective evacuation(Vorst, 2010). Only during the post-impact phase are survivors ready to evacuate or be
evacuated (Vorst, 2010). This psychological approach to the mental stages of a fected populations is essential
for the understanding of human behaviour, and Vorst claims that evacuation models that take these factors
into account represent reality far better than models that do not.

Eventhoughthe PMT and the DDM seem to grasp some of the key drivers behind a person's decision, anal-
yses of disaster data do provide us with much insight too. Hamilton et al. (2020) performed a thorough liter-
ature review on human behaviour around ood water. People decide to leave their homes because they seek
safety or receive evacuation warnings and instruction (Adeola, 2009). Other determinants that can be found
are demographicvariables, people's prior experience with disasters, the population'sinformation, and the pos-
sibilities of relocating. For example, the number of social contacts in other regions and the nancial situation
do signi cantly widen their options of relocating. The listed determinants and their implications for popula-
tion movements are investigated.

Demographic variables

Demographic variables play a role in the determination of people relocating or staying. Disaster studies in
Fukushima and Florida indicated that males and older people were less likely to evacuate (Do, 2019; Smith &
McCarty, 2009) while families with young kids o ten did leave their homes during a disaster (Do, 2019). Family
composition too played an essential role during ash ood evacuations in Bangladesh, where the population
perceived adolescent girls as highly vulnerable in public shelters. Especially households where no male fam-
ily member was present stayed home and tried to sit out the disaster (Alam & Rahman, 2014). Although it
seemsthatthese measures suggestthe protection of girls, another study in Bangladeshindicates that the con-
sequences of these actions are far stretching. Sultana (2010) found that su fering during a disaster is unevenly
distributed between males and females, that gender related-issues o ten intensify during a disaster, and that
perceived bene ts from humanitarian aid do notinclude the genders evenly. It thus appears that gender, age,
and family composition play a role in the relocating behaviour of a fected people and that the distribution of
humanitarian aid requires that the demographic di ferences in IDP's are considered.

Educationlevelswithinapopulation provide contradictory resultsin mobility behavioura tera ood. Some-
times they make people move, and other times they make them stay (Do, 2019). As speaks to intuition, edu-
cation might contribute to higherincome, opening up possibilities of relocating compared to households with
lowerincome. The combination of high education and the decision notto evacuate is by some considered irra-
tional, butthere are apparently more in uential forces in place than education levels.

A low socio-economic status in many cases leads to slow response and less evacuation activity (Bempah &
@yhus, 2017). Wisner, Blaikie, Blaikie, Cannon, and Davis (2004) too found that social vulnerability is a crucial
determinantof disasterriskanditsimpacts onanindividual orhousehold. Educationandincome do contribute
tothe socio-economic status of a person. However, also cultural values of a population seemto explain some of
the seemingly irrational attitudes that people sometimes show in disaster situations (Fielding, 2018; Bempah
& @yhus, 2017). For example, a study in Ghana showed that communities o ten perceive disasters as acts of
God, leading to lower intentions to take action during a disaster (Bempah & @yhus, 2017), as is also the case
in other developing countries. Failure of entrusted authorities strengthens the inactions by the population. In
these cases, itis observed that previous experiences with ood rationalise these beliefs and encourage people
to take the needed measures (Adeola, 2009).
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Prior experience with disasters and risk perception

People learn from previous experiences, meaning that prior oods also help strengthen their risk perception
(Aertsetal., 2018). This does not only a fect the decision of relocating or staying but also the mitigation activi-
ties and ood-preparedness behaviour (Tversky & Kahneman, 1992; Botzen et al., 2009), lowering the impact
of a disaster signi cantly. Communities also hold prior experience of oods as a sort of collective memory,
which in turn intensi es the feeling of responsibility to take mitigating measures against oods as a group.
These measures include early warning systems and training, constructing levees to protect critical infrastruc-
ture and enforcing buildings. Over time it has become clear that people learn from ood experiences and up-
datetheirrisk perceptionwithit. Floods thattook place further away inthe pasttendtolose theirimpactonrisk
perception withina community, as can be seenin The Netherlands (Botzen etal., 2009). Here, eventhoughthe
population of the Netherlands is aware of the increasing ood risk and the history of devastating storm surges,
the overall perception of risk is relatively low (Botzen et al., 2009).

Obtained information

Although the prior experience of a person was found to be signi cant in predicting the odds of evacuation, it
appeared less important than friends' and family members' in uence in determining evacuation behaviour
(Adeola, 2009). Dueto their social environment'sincentives, people in (to be) a fected ood areas are inclined
to take evacuation measures more seriously, in contrast to when these incentives come from governments.
Something to consider here is that the e fectiveness of warning signals and evacuation instructions from gov-
ernments depends on the population's trustin their policy. For example, some residents from an area a fected
by Hurricane Katrina reported that they did not relocate because of a false evacuation alarm that took place
only a few months before the Hurricane hit (Adeola, 2009). A ter that, they did not take the warning signals
seriously. On the other hand, do ood prevention measures sometimes leave residents with a false sense of
security, as no one anticipates breaches of levees (Adeola, 2009; Botzen et al., 2009).

The information that people receive around the risk of a (coming) disasteris thus notalways taken seriously
or anincentive to take protective measures. The source ofinformation might even be a better determinant for
one's risk perception than prior experience. During a catastrophic ood disaster in Thailand, internet-based
information sources, mainly social media, has shown to be an accurate information distributor (Kaewkitipong
etal.,2016; Timetal.,2017). Social media o fered information that was not found in other online sources. They
appeared to be more localised and near real-time (Allaire, 2016), enabling residents to signi cantly reduce
their losses because they had time to move valuable possessions to higher ground.

While social media was widely used to spread information during a major ood in Thailand, receiving this
information might be tricky. During oods, internet connection and electricity are not always as reliable as
needed, and devices used need to be charged en connected to properly working communication infrastruc-
tures. Ina Finnish study, o cial warnings were given through radio broadcasts, and it was perceived as a suit-
able medium for communication from authorities to the public (Haataja et al., 2014). Considering the high
level of development and connectivity in Finland, radio broadcasts might even make a more substantial im-
pactin developing countries.

Another important reason for people to relocate is that their source of income has ceased. On the other
hand, people o ten decide to stay because they believe it safer to stay at home or they disregard o cial warn-
ings due to 'warning fatigue' (Haynes et al., 2018). Also, the intention to protect property was observed in case
studies in Vietnam; people with a lower income were prone to protect their property in contrast to protecting
their health (Few & Tran, 2010). Ajibade et al. (2015) as well found that income and coping strategies were
the best predictors for determining ood impact in Nigeria. At the same time, the consideration for personal
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health was not a good predictor.

Destination selection

Social networks are considered the most in uential factor in deciding on a destination during relocation (Do,
2019). Especially places where people have family and friends are essential destinations for displaced persons.
Social networks are important in migration patterns (Warner et al., 2009). However, the prominence of the
factorreally cametolightin the study of migration patterns a ter the nuclear disaster in Fukushima (Do, 2019).
The mostimportant destination were the residents of friends or family. The second mostimportant reason for
choosing a destination then and there were recommended shelters by the government (Do, 2019).

2.3 Key ndingsof Chapter 2

The aim of doing the literature review is to answer research question 1, which was introduced at the start of this
chapterWhatare currently identi ed main drivers for change in mobility behaviour during and a ter an expected
disaster€onsidering previous research on human behaviour around oods has led to many insights that form
the basis for further analysis.

The alreadyidenti ed main drivers for achange in mobility behaviour a tera ood are: intensity of the dis-
aster atthe home location, family composition, socio-economic status, risk perception (strengthened by prior
experience, the source of information, the taken mitigating measures and in uenced by the social network of
aperson), options for relocating (what does a family leave behind versus what will they expectto nd attheir
destination).

From these drivers, some observations are derived that could be tested with the case study in chapter 6.
Most importantly, it seems clear that the heavier the impact of a disaster, the more people will relocate. A
major consequence of heavy disasters is that buildings and crops are damaged or destroyed, leading to the
immediate need for shelter and income. Secondly, di ferent approaches can describe the underlying rationale
of individuals that decide to relocate. Incorporating the ndings that other methods show, such as the PMT
and the DDM, can add valuable insights to data analysis. These methods are better focused on the thought
processes of a fected people and can explain the subsequent behaviour quite well. Some other important ob-
servations from the literature review are:

1. The heavierthe impact of a disaster, the more people will relocate.

2. We can expectthat people without many contacts living close-by will travel larger distances than people
who have contacts living close-by.

3. People whose houses have been destroyed are expected to leave their homes to seek safety and oppor-
tunities.

4. Families thatlose their source ofincome due to a disaster are expected to seek other sources ofincome
by relocating.

5. Families with lower incomes are expected to relocate less and later than families with higherincomes.

6. Peoplethatliveinareaswhere majordisasters happenmore o tenare expectedto have a higherrisk per-
ception, which might lead to a rapid reaction on evacuation orders or the adoption of preventive mea-
sures.

7. Social networks are expected to in uence the choice of destination when relocating strongly.
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8. Community driven mitigating measures are expected to be more successfulin areas where disasters are
stillfreshin memory. Inaddition, they are expected to be more successfulwhentrustin national author-
ities is low.

9. The source of which the information comes that people receive determines their risk perception and
thus in uences their decision to leave or stay. Social media might play a signi cant role in information
spreading, but the circumstances around online communication must be ideal. Seeing that, this way to
work, people depend on the availability of internet and electricity. Therefore, radio broadcasts could be
considered too.

Alland all, many factors needto be considered when studying the decision-making process of anindividual
to relocate or stay home during a disaster. These factors are used to determine if the population movements
a ter a disaster can be predicted. How this is done is elaborated upon in chapter 3. Translating the individual
displacement behaviour to displacement patterns within a population appears very dependent on the socio-
demographic composition of the population. Therefore, also a thorough analysis of the Haitian population
and the warning signals in place during Hurricane Matthew in 2016 is conducted, of which the ndings are
described in chapter 4.
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Research design

Fromthe literature reviews, several drivers have been deducted thatin uence the relocating behaviour of peo-
ple that are a fected by a disaster. The found drivers can be used to check if their behaviour is predictable. In
order to do so, a methodology has been developed that includes the drivers and translates them to features
using available data. A case will be applied to the methodology to illustrate the working of the initiated steps.

The main goal ofthe methodology is to gain more insightinto the predictability of mobility patterns during
and a ter a disaster to advise humanitarian agencies on where to focus their support almost real-time. Thus,
this method uses data available to humanitarian aid organisations when a disaster occurs. Itis relevant to the
organisations to determine the locations that people move to and when they move. Ultimately, atime-related
origin-destination matrixwould helpto ndthe critical patterns of population movements. However, this data
isnotavailable yet, andtherefore the de-aggregation of the datais avital step towards the predictability model.
How to manage this is described in four steps: case selection, data preparation, feature selection and model
selection. Finally, the model is applied to explore the patterns that can be recognised that tell us something
about the population movements. In this chapter, the four-step methodology is introduced in section 3.1, fol-
lowed by an overview of the method in section 3.2.

3.1 Afour-step methodology

The development of the methodology has been done through a process of tackling problems. The ultimate
outcome of an origin-destination matrix from aggregated data made it possible to align the steps towards that
goal. Since using CDR data for researching human behaviour is stillunder development, this study also focuses
onthe challenges and opportunities that this data type holds. Firstly, a tting case is selected and introduced.
The information about the case mustbe su ciently rich so that the found drivers in the literature reviews can
be tested. Since the behaviour of a population during a disaster is highly dependent on the environment of
that population, the properties of the country and the disaster that is chosen are discussed. A ter the case
selection, data preparation takes place. The characteristics that are found within the case are used to set up
the origin-destination matrix. Some of the characteristics will also be used to measure the predictability of the
population movements, which are selected in the third step. Here, also the data exploration takes place to see
if some movement patterns can already be uncovered. Inthe last step, amodel is selected that ts the purpose
of nding the drivers behind population movements. The performances of di ferent models are tested and
optimised before selecting the most suitable one.

In the ideal situation, there are no obstacles, and the steps are thus sequential. In practice, these steps
o ten take place more iteratively. An overview and short introduction of the four steps is shownin g. 3.1.



Figure 3.1: An overview of the four-step method that is applied within this study.

3.1.1 Caseselection

This research of population movement a ter a major disaster is done by means of a case study. Now that the
drivers behind individual displacement behaviour have been presented, these will be applied to the event of
Hurricane Matthew. The disaster that evolved around the Hurricane caused major hazards, primarily in the
Caribbean. The country that was hit the hardest by this natural disaster is Haiti. Due to the high wind speeds
and extreme rainfall, nearly half the country was le t in devastation. This case ts the purpose of studying
population movements because the a ter-e fects of the Hurricane unfolded over a more extended period. As
aresult, the population had the chance to decide to relocate over multiple days, while humanitarian aid agen-
cies anticipated the possible strategies to help the most vulnerable among the survivors. In addition, studying
ood response in Haiti is highly relevant, as oods are recurring events. Learning about the strategies that
worked during the a termath of Hurricane Matthew, might contribute to good practices in the future.

3.1.2 Datapreparation

The data available in this case study includes information about the changes in individual mobility behaviour
due to Hurricane Matthew. The dataset that is at the core of this study is an aggregated version of CDR data
and the characteristics that are added to this data. The CDR data from the population a fected by Hurricane
Matthew in Haiti is generated by telecom provider Digicel. Digicel has the largest market share of 73.59% in
the country and is one of only two providers in the country (Conseil National des Telecommunications, 2016).
Because of the larger market share, Digicel is assumed to be representative of the population in Haiti (Dejby,
Li, Albert, & Lefebvre, 2019). The period of which CDR data has been obtained is from April 5th 2016, until April
3th 2017. The data, therefore, represents 26 weeks before the disaster and 26 weeks a ter.

During the emergence relief period a ter Hurricane Matthew, the organisation called Flowminder con-
tributed to the humanitarian response with real-time datasets on population movements (Dejby et al., 2019).
This dataset contained data on all calls made or received by Digicel subscribers and aggregated spatially to
show the in ow and out ow of subscribers in the a fected regions on several days. In addition, the compari-
sonto the in ow and out ow of these regions in normal conditions were incorporated. As a typical individual
makes between 2 and 11 calls daily and given the regularity of human behaviour, this provides an excellent
basis to identify displaced persons among the subscribers (Dejby etal., 2019).

The preparation of the CDR dataincludes a distinct analysis of the preprocessing of the raw records, which
includes the identi cation of displaced persons among all the callers within the dataset and the addition of
characteristics. Ofthese characteristics, some are expected to be essential drivers in determining an individual
relocating or staying at their home. However, the literature suggests that other important characteristics are
notpresentinthe dataset. Such as variables that say something about a person's socioeconomic status andrisk
perception. Ifthe geographic location of the homes and destinations of the movements within the aggregated
CDR data were known, these missing characteristics could be added.

The addition of the locations can be done by de-aggregation of the dataset. Some of the added charac-
teristics can be combined and traced back to an area within Haiti that they correspond to. That way, the char-
acteristics of the individual's home location can be assumed to be the same as the average value for the area's
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characteristicthatthe homelocationisin. Eventhoughthisis considered a major simpli cation, itdoes atleast
tell something about the drivers identi ed within the literature.

Besides the option of adding some characteristics based on the geo-location of the displaced persons, de-
aggregation of the data provides inside in the security of the aggregated CDR dataset. The limited availability
ofthis datatype stemsfromits sensitive nature, as it contains private information of mobile phone users. When
de-aggregation of the data could be done, the feasibility might be a fected. De-aggregation of the data could
thus also be used to recommend ways to share such sensitive data securely.

In order to de-aggregate the data successfully, overlapping characteristics need to be found that are avail-
able for the aggregated data, as well as for the areas within the country (Haiti in this case). The more datais
available, the stronger the de-aggregation will be, as multiple comparisons can be made. For every data point
withinthe aggregated dataset, an area thatis best represented by the characteristics is selected. As a method,
asupervised classi er can be applied. Forthis classi er, the overlapping characteristics are used to identify the
locations within the aggregated data.

Figure 3.2: Using a supervised classi er, the locations within the aggregated
data can be determined, using the characteristics within the dataset.

Validation of the found locations is challenging. Typically, a ter a classi er has been applied, the classi-
er's performance can be measured based on the di ference between the training set labels and the testing
setlabels. Here, the testing setis the pursued information, meaning that the mislabelled data cannot be iden-
ti ed. To validate the ndings in another way, case-speci c information can be used as well as the Euclidean
distances.

3.1.3 Feature selection

The characteristics within the original aggregated CDR dataset and the characteristics that can be added a ter
the determination of the locations can be used as features within a classi cation model. Using data explo-
ration, the characteristics are tested to in uence the mobility behaviour of the individuals. The ones that do
will be included in the model as features. To channel the data exploration, the ndings within the literature
review in chapter 2 are used.

The geo-locations are also used as input for the classes within the supervised classi cation model. Al-
though information about the travelled distance is available within the aggregated CDR dataset, this infor-
mation is not used for the prediction of population movements. The mostimportant reason for this decision is
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that the distances provide an unjusti able level of precision. And although these distances could be rounded
o f or grouped, geo-locations automatically contain more information than the distances travelled only. In
addition, using the actual locations might help with directing humanitarian aid where their e fort is needed
most. This study plays a more exploratory role to determine the opportunities that the aggregated CDR data
holds for the prediction of population movements. However, incorporating the geo-locations could serve as a
stepping stone towards the prediction of where larger groups of people can be expected.

3.1.4 Modelselection

The model selectionis based on the form in which the datais used. When the features are used to determine a
continuous predictee, aregression can be considered. In this study, however, classes will be used as predictees,
meaning that for the model selection, several classi ers are tested.

To be able to compare the performance of the di ferent classi ers, the F1-score is used. This accuracy score
is calculated a ter a supervised classi er has been applied, testing the number of correctly predicted classes.
The terms True Negative, True Positive, False Negative and False Positive are used to check if the predictions
were right orwrong. Their meaningis displayedin g. 3.3. The higher the proportion of True scores, the higher
the model performance.

Figure 3.3: Visual representation of the true and false
labelling of the data, with in green the rightly labelled
data andinredthe mislabelled data

The precision score indicates the accuracy of positive predictions by calculating the percentage of True Pos-
itives from the total of positive predictions (whichis the True Positive plus the False Positives), see eq. (3.1). The
recall score is the fraction of True Positives of the True Positives and False Negatives together; see eq. (3.2). The
F1-scoreis then calculated, using eq. (3.3). Support shows the number of displacements that were considered
for the score; in this case, the total number of displacements per dataset.

Precisiors TP =(TP + FP) (3.1)
RecalE TP =(TP + FN) 3.2)
F1Score 2 (Recall Precisiony(Recall+ Precision) 3.3)

Abasic application of the models is used for the rst selection of supervised classi ers, and their F1-scores
are compared. The applied classi ersare: Logistic Regression, Decision Tree, K-nearest neighbour, Naive Bayes
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and Support Vector Machine. These methods tthe purpose of classifying data based on multiple features. In
case other kinds of datasets are available, other methods could be more suitable.

The classi ers are supported by a package in Python called Sci-kit Learn. Within this package, for all the
classi ers, optimisation practices are available too. So, a ter comparing the accuracy scores for the basic im-
plementation of the classi ers, di ferent techniques are implemented. This strengthens the con dence that
the most tting classi eris found eventually.

When the F1-scores start to deviate, the choice can be made to optimise a selection of the classi ers. In
the ideal situation, all the models are optimised, and all their outcomes (meaning not only their F1-score) are
analysed. Due to limited time and resources, only one or two classi ers are selected for optimisation in this
study. The optimisation techniques are used to strengthen the models' performance, but they do not provide
higher accuracy scores. Techniques such as Cross Validation, Grid Search and standardisation of the data lead
to stronger con dence that the found accuracy will be found again when repeating the study.

3.1.5 Modelapplication

The eventual choice of a classi er then depends on the goal of the study. In this case, a deeper understanding
of the change in population movements a ter a disaster is pursued. The feasibility of using individual move-
ment data that are retrieved from Call Detail Records play a central role. Classi cation of the destination of
individuals based on the characteristics of those connected to their home location is thus essential.

By applying the most tting classi er, the results need to be interpreted and analysed. The di ferent steps
should be interpreted to be iterative rather than subsequent. Learning more about the data by analysing the
results might provide new insights that can help to redesign the used classi ers. This process thus contains
potential feedback loops.

3.2 Overview of the methodology
How the four steps are connected to each other, which deliverables are expected in each step and which meth-

ods are applied in each step is shown in g. 3.4. Throughout this report, the owchartis lled in so that the
application of the methodology is straightforward.
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Figure 3.4: Avisual representation of the methodology that is used in this study, with all the steps
and methods included



Course of events during
Hurricane Matthew

As a rst step, the case for the study is selected. The course of events that took place around the Hurri-
cane is explored, including the activities that humanitarian aid agencies initiated. That way, the drivers that
emerged fromthe literature review can be applied, and possible aws canbetakenintoaccountwhenadvising
organisations on where their e forts are needed most.

In this chapter, the development of Hurricane Matthew is introduced in section 4.1. Then in section 4.2,
the demographic composition of the Haitian population is analysed in order to gain a better understanding
of the conditions that most people live in and answer sub-question (a). Therea ter, the information that is al-
ready gathered around the population movement and disaster response activities a ter Hurricane Matthew
is discussed in section 4.3 (addressing sub-question (b)). Then, a summation of the key ndings in section 4.4
(sub-question (c)). Theaimisto answerthe following research questionto better grasp whathappened in Haiti
in2016 and 2017.

Research question 2

How do emergency response activities trigger the movements of a population?
(a) Which characteristics of the population should be considered?

(b) Which warning signals were in place before and during the ood?

(c) Can a change in mobility be recognised that indicate a follow up on warning signals by the local
population?

4.1 Case studyintroduction

Hurricane Matthew was a devastating category 5 Atlantic storm that caused much damage on its course. The
Hurricane took o f from the Westcoast of Africa, and on September 25th 20186, it was already clear that the
storm could potentially gain much power during its travel across the ocean. The path and intensity of the Hur-
ricanewhenitnearedland are shownin g.4.1. Twodays later, onthe 28th, the stormwaso ciallyupgradedto

a Hurricane and named Matthew. On September 30th, the Hurricane's rapid intensi cation took place, where
the peakwind speedwentupto 240 km/hwithinaday. Only four days later, on October 4th, Hurricane Matthew
made landfall on Haiti. Until then, the storm had avoided land in South America. Onthe same day, predictions



were made thatthe Hurricane would also go over the Southeast coast of the US. The following days, the Hurri-
cane went over the Bahamas, in icting punishing blows on the islands.

Meanwhile, residents of the Southeast coast of the US are urged to move inland to avoid the Hurricane.
On October 7th, the Hurricane arrived at the coast of the US, but fortunately the eye of the storm stays about
120 kilometers away from the beach. Therefore, the damage in Florida, North- and South Carolinais less than
expected; power outages, ooding and damaged buildings cause an estimated 10 billion dollars in damages
inthe US. By this time, Matthew has become a Category 1 Hurricane. In the following days, from October 12th
on, the Hurricane turned eastwards and ceased to exist.

Figure 4.1: Route and intensity of Hurricane Matthew

4.2 Demographics of Haiti

To understand the behaviour that people in Haiti show during a disaster of this magnitude, it is essential to
understand the socio-demographic composition of the population. Haiti is a developing country ranked 170
out of 189 on the Human Development Index by the World Health Organisation. Political instability, vulnera-
bility to natural disasters, and a low GDP make the country remain among the world's poorest countries. The
poverty rate is around 58%, and the distribution of wealth is highly polarised, with the wealthiest 20% of the
population holding more than 64% of the countries income, compared to less than 2% held by the poorest
20% of the population (World Bank, 2021). Infant and maternal mortality rates have remained highin the last
decade. The Human Capital Index estimates that a child born in Haiti today will grow up to be only 45% as
productive as they could be when they would receive full education and health care (World Bank, 2021).
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Haiti has about 11.2 million inhabitants. 96% of the population has been exposed to severe natural disas-
ters, suchas earthquakes and Hurricanes (World Bank, 2021). Climate change is expected to intensify the disas-
tersin Haiti, and as most people live in the coastal areas, they are particularly vulnerable to oods. Mountains
characterise the inland areas, making it challenging to construct a proper infrastructure. About 60% of the
population live in urban areas (CIA.gov, 2021), most of which live in Port-au-Prince, the capital city. Although
the sanitation and availability of drinking water have beenimproved in the last decade within the urban areas,
the health care within the country stays at an alarmingly low level, making the population highly vulnerable
for infectious diseases (CIA.gov, 2021).

About 62% of the population can read and write, further complicating information distribution (CIA.gov,
2021). There are over 6 million sim-card subscriptions, leading to a so-called teledensity of 58 per 100 inhab-
itants. Only roughly 32% of the population had access to the internet in 2018. The telecommunication in-
frastructure is among the least developed in Latin America, and it received an extra blow during Hurricane
Matthew in 2016, as it causes $35 million of damage to the communication infrastructure.

The GDP per capita in 2016 in Haiti was 1266$US. Most money is made in services, and around 22% of
the GDP comes from agriculture. There is widespread unemployment and underemployment in the country;
over 40% of the population is unemployed. Moreover, two-thirds of the population do not have a formal job
(ClA.gov, 2021). Ontop of that, the in ation rate in 2016 was around 14% (Statistica, 2021), meaning that the
purchasing power had gone down signi cantly. Since that year, in ation rates went up even higher, topping at
22% in 2020 (Statistica, 2021). Due to these circumstances, an estimated 58% of the population lives below
the poverty line (CIA.gov, 2021).

The country is prone to extreme weather because it is located on the path of seasonal Hurricanes. Due
to deforestation, however, Hurricanes do have a more devastating impact, as landslides and oods are given
way. Before Hurricane Matthew, the country also su fered from multi-annual drought, outbreaks of cholera
and food insecurity (Grinewald & Schenkenberg, 2017).

It is important to understand the desperate situation that a large proportion of the population lives in
to comprehend the magnitude of the disasters' consequences in Haiti. Natural disasters, such as Hurricane
Matthew, leave the people inthe countryin peril; there are no nancial reserves or social safety measures avail-
able for households that are le t without a roof, without a source of income or the necessary healthcare.

4.3 Consequences of Hurricane Matthew in Haiti

As a result of the poor conditions that the average Haitian lives in, the options that they perceive when con-
sidering relocation are expected to be very limited, the individual drivers that are found in section 2.3 might,
to some extend, explain the patterns found during and a ter the disaster. The International Organisation for
Migration (IOM) took the lead in mapping the population movements the very day that the Hurricane hit Haiti
(International Organisation of Migration, 2016). On October 5th, their situation report states that 8000 house-
holds have been a fected and that ve deaths, six injuries and one missing person had been reported. They
counted 15.623 displaced individuals. Inthe Grand Anse department, all communication networks were down,
and a key bridge connecting the southern peninsula to the rest of the country had collapsed the previous day.
It follows that access to the most a fected areas is blocked. In the days that followed, more deaths, injuries
and displacements were reported. On October 20th, it was clear that at least 546 people had died (although
international media estimated this numberto be over 900), 80% of the electricity network was destroyed, and
90% ofthe homes inthe South and Grande Anse departmentwere damaged or destroyed by the Hurricane. By
thistime, 175.000 displaced persons were staying in 307 temporary shelters, while remote rural areas were still
being assessed due to the di cult access. Also, the number of cholera cases went up as many people stayed
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close to each other within temporary shelters and camps. A more detailed description of the events that took
place right before, during and a ter Hurricane Matthew made landfall follows in the following subsections.

The hazards thatthe Hurricane caused, especially in the southern part of the country, were predominantly
aconsequence of the extreme wind speed and heavy rainfall. Figure 4.2 provides an overview of the areas that
are hit hardest.

Figure 4.2: Wind speed, rainfalland damaged buildings a ter Hurricane Matthew

4.3.1 Earlyresponse activities

The rst signals of a developing tropical storm came from the US National Hurricane Center. The Center en-
gages in the monitoring and forecasting of tropical Hurricanes and cyclones. In their report on April 7th 2017,
they summarised the history of forecasts and warning signals during the development of Hurricane Matthew,
between September 28th and October 9th 2016 (Stewart, 2017). Their forecasting performances have been
relatively highinthe last decade, and so they were during Hurricane Matthew. The prediction error decreased
linearly overtime toamean error of only 32 km at a forecast period of 12 hours. Upto 24 hoursin advance, itwas
not de nite that the Hurricane would cross Haiti in its path, as it could still head to the west crossing Jamaica
and Cuba. Because the Center has built up a reputation of providing accurate predictions, the warning signals
are o tentaken seriously.

The watch and warning actions around Hurricane Matthew in Haiti were the following (Stewart, 2017):
~ September 30th - 9PMropical Storm Watch issued at the southern border of Haiti.
~ October 1st- 3PNHurricane Watch issued at the southern border of Haiti.

~ October 1st - 9PNHurricane Watch changes to Hurricane Warning of the southern border of Haiti and
Hurricane Watch issued at the northern border of Haiti.

~ October 2nd - 9AMurricane Warning issued in the whole country of Haiti.

"~ October 4th - 7AMHurricane Matthew makes landfall at the southern border of Haiti.

~ October 5th - 3PMHurricane Watch changed to Tropical Storm Warning in the whole country of Haiti.
~ October 5th - 9PMIropical Storm Warning discontinued in Haiti.

Although these warning actions did reach large parts of the population, many Haitians did not take the
evacuation announcements very seriously due to the so-called "Cry Wolf" syndrome. However, the evacuation
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