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Abstract

This dissertation aims to contribute to the literature on computational social sciences

and presents three essays in migration studies and demography, using digital data and com-

putational methods. The first essay focuses on visual comparison of migration patterns

using Turkey as a case study. The internal migration patterns in Turkey are compared with

the settlement patterns of Syrians under temporary protection in Turkey, while questioning

whether there is a possibility for replacement migration policies. The second essay also uses

the case of Syrians under temporary protection in Turkey and contributes to the literature on

nowcasting & forecasting based on digital data by following the mobility patterns of Syrians

inside Turkey using online search data from Google Trends. The third essay contributes to

the literature on high-skilled migration and the use of bibliometric data. The essay uses the

Brexit decision in 2016 and the academic environment in the United Kingdom as a case study

and monitors the change that occurred in the in- and out-migration patterns of researchers

with respect to the UK, before and after the Brexit referendum.

Keywords: Computational Social Science, Migration, Refugees, Turkey, Big Data,

Brexit
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Chapter 1

Introduction

Migration is a phenomena that can be broadly defined as “movement of persons away from

their place of usual residence, either across an international border or within a State (IOM,

2019)”. Beyond this general definition, migration with all its types, processes, underlying rea-

sons and consequences, is an issue of interest in various disciplines of social sciences. Perceived

from different perspectives and dimensions, migration touches, changes and shapes individuals

(micro level), societies and states (macro level), global systems and relations (meso level) and

policies of a wide array from enabling to restrictive (policy level).

The attempts to develop a theoretical framework for migration continue since the famous

study of Ernst Georg Ravenstein (1885) defining the laws of migration. It is not possible to

develop an all-embracing single theory for a phenomena as migration, yet the fundamental as-

sumptions on the laws of migration that Ravenstein had laid and Everett Lee (1966) had revised

still constitute the starting point in migration studies. Migration is considered to be influenced

by four main factors; factors related to the origin, factors related to the destination, intervening

obstacles and personal factors (Lee, 1966, p.50). The factors related to the origin and des-

tination, fostering migration from one place to another, are commonly referred as push and

pull factors respectively (Passaris, 1989). Factors such as the geographic distance, geographic

irregularities, policy-based migration barriers, differences of culture and language affecting the

accessibility constitute the intervening obstacles. Personal factors are individual traits that al-

ter the weight of local and society-level conditions for different people, which may mitigate or

increase the intervening obstacles.

However, relying only on the effects of push and pull factors to understand the underlying

reasons of migration would be misleading. The dichotomies that are used to explain migration

flows such as push vs. pull, labor-abundant vs. labor-scarce, underdeveloped vs. developed

shadow the depth of the migration processes and often neglect the assumption of currents and

counter-currents, hence the circularity of migration. In fact, literature shows that migration

patterns follow a similar pattern of demographic transition, in terms of its relationship with

development. In contrast to the initial theories on international migration, development acceler-
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ates migration flows until an equilibrium is reached, which is referred as the migration transition

(De Haas, 2007, 2010; Clemens, 2014). Furthermore, with higher levels of development and the

accompanying increase in the education levels (capabilities) paves the way for larger volumes

of high-skilled migration, as the capabilities and aspirations of people increase. Migration of

high-skilled people is also subject to a dichotomous conceptualization as brain drain vs. brain

gain, however, recent studies propose that the high-skilled migrants are under the influence of

different factors concerning their migration patterns (Mahroum, 2000) and high-skilled migra-

tion should be considered as a pattern of brain circulation rather than a one-directional flow

(Saxenian, 2005).

More than a century after Ravenstein’s work on laws of migration based on the population

data in United Kingdom, a new source of data appeared for the social scientists. The emer-

gence of online generated digital and big data acquired attention as a source for social science

research and ever since the literature comprising of the analyses and interpretation of the digital

footprints of individuals began to grow. Digital data and computational methods came to be

considered as especially helpful, in cases where formal data, such as official registries, census

data or national surveys, are missing or lacking (Alburez-Gutierrez et al., 2019), where data col-

lection is burdensome or limited due to accessibility, sensitivity or confidentiality issues (Billari

et al., 2020), where the use of digital devices and social media is widespread and where the aim

is to analyse the immediate (even simultaneous) results of policies before the long traditional

data collection process is complete (Ginsberg et al., 2009). The latter motivation to use digital

data especially gathered attention following the breakout of the COVID-19 pandemic (Brodeur

et al., 2020; Wilde et al., 2020).

In the field of migration studies, migration networks theory posits that the existence of es-

tablished migrant communities, historical migrants and diasporas contribute to the incentives to

migrate (Taylor, 1986; Massey and España, 1987; Gurak and Caces, 1992). Due to its similarity

with conceptualizing online networks, migration networks approach addressed the potential of

new ICT technologies and social media platforms first, to eliminate accessibility and information

related barriers (Diminescu, 2008) and facilitate migration (Dekker and Engbersen, 2014). Ac-

knowledging that migrants tend to use ICT technologies and social media platforms effectively

(Diminescu, 2008), handed migration studies a new source of data collection on migrants, where

the traditional methods may fail to provide sufficient information (Zagheni et al., 2017b).

The use of digital data in migration studies also proved useful for the studies on refugees,

as the online platforms closed the information gap for refugees, they also closed gap of missing

data for researchers. Studies show that Syrian refugees consider smart phone ownership and use

of social media as essential as food and shelter, as they rely on these means to navigate in an

unfamiliar environment as well as keep contact with their friends and families (Gillespie et al.,

2018; Dekker et al., 2018). Widespread use of mobile phones and social media platforms by the

Syrian refugees also enable research based on their digital footprints, as seen in the case of Data
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for Refugees - D4R Challenge in Turkey (Salah et al., 2018).

The aim of this dissertation is to contribute to the use of digital data and computational

approaches in demography and migration studies. Chapters 2, 3 and 4 in this dissertation focus

on the use of digital data and computational methods in migration studies. More specifically

the essays concentrate on two different types of migration, chapters 2 and 3 on forced migration

& refugees and the chapter 4 on high-skilled migration. Chapters 2 and 3 are based on the

case of Syrian refugees in Turkey while in Chapter 4 the focus is on the internationally mobile

scientists as subjects of high-skilled migration rather than a single context.

Chapter 2 in this dissertation uses the digital and computational methods in data visuali-

sation to interpret and compare internal migration flows and settlement of Syrian refugees. In

that respect, the chapter uses the digital and computational methods for the visualisation and

interpretation of the data as well as the data collection by Google Maps Distance API, while still

relying on official sources for the main data and diverging from chapters 3 and 4. The chapter

then seeks an answer to the question, to what extent the migration behaviour of Syrians under

temporary protection in Turkey is correlated with the internal migration behaviour of Turkish

citizens inside Turkey, using quantitative methods.

Chapter 3 of the dissertation also focuses on the case of Syrians under temporary protection

in Turkey however, this chapter introduces the use of digital and computational methods also

into the data collection process. In chapter 3, data obtained from Google Trends are used as a

tool to analyse the change in Syrian refugee stock across provinces in Turkey. Thus, digital data

and computational methods are used both in data collection and analysis parts of the chapter.

In data collection, these methods contributed not only to the retrieval of Google Trends data

but also recreate the official registry dataset, through Wayback Machine and WebCite. The

aim is to understand whether the search frequency for a province name may be associated with

the refugee stock of the said province and whether the Google Trends data may be used for

forecasting the refugee flow to different provinces, in a way to help the migration management

policies.

In both chapters, the Syrian refugees are referred as ‘Syrians under temporary protection’

(Syrians uTP) referring to the legal status of Syrian citizens in Turkey, i.e. temporary protec-

tion. It should be underlined that this status differs from the general meaning of refugee and

asylum seeker in international law. In Turkey, this status is created for and only applicable

to the case of Syrians after the Syrian civil war. Obtaining the temporary protection status

requires official registration by authorities, allowing them legal protection and placing them out

of the scope of irregular migration. Underlining this issue in the beginning is important as

the migration/mobility patterns of Syrians under TP, may show differences to of other migrant

groups and unregistered migrants. I acknowledge that the issue of unregistered migrants that is

out of the scope of this paper and welcome any research that can be made in this field, although

current data on irregular migration is not sufficient.
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Chapter 4 of this dissertation focuses on the international mobility of scientists as a case

of high-skilled migration. It uses the data obtained from the Scopus database, that includes

the publication information (title, journal name and DOI), individual author code and author

affiliation in terms of both institution and country. The aim of chapter 4 is to use the big data

retrieved from Scopus database to analyse the effects of United Kingdom’s withdrawal from the

EU (known as Brexit) and the uncertainty it created during the period of transition (2016-2020).
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Chapter 2

Refugee Inflows and Sustainable

Migration Policies: A Case Study

in Turkey

Ebru Sanliturk 1

1. Bocconi University

The recent refugee crisis in Europe, also referred as the Mediterranean refugee crisis or Syr-

ian refugee crisis, that emerged following the break out of the civil war in Syria in 2011 and

reached its peak in 2015, is an important issue of concern for policy-makers and researchers. As

the economic and social burden of the refugee influx increases, especially in countries that now

host a large population of refugees, understanding the patterns of refugee flows have become

more important than ever in order to develop sustainable policies for refugee mobility.

This study focuses on the case of Turkey as a host country and attempts to shed some light

to the settlement patterns of Syrians in Turkey under the temporary protection status (hereafter

Syrians uTP), to contribute to the development of sustainable migration policies. Selection of

Turkey as the case study relies on two reasons. First, the size of the refugee shock Turkey had

experienced is much greater than the shock experienced by most of Mediterranean countries in

terms of actual numbers, salience and economic and social burden. The shock of this refugee

inflow to Turkey is only comparable with Lebanon, hosting the highest number of refugees in

the world in relative numbers, while Turkey hosts the highest number of refugees in absolute

terms (UNHCR, 2018). Second, while most EU states host Syrian refugees in special migration

reception centres following their arrival, this is not possible in the case of Turkey. Of the 3.6

million Syrians uTP in Turkey, less than 60,000 live in refugee camps 1. Thus, Syrians uTP

are a part of urban life and their mobility can be tracked through the temporary protection

registration system. As the Syrian refugee crisis is ongoing for 8 years now and estimated to

continue, also bearing in mind that not every person currently under temporary protection in

1According to the official statistics provided by the Directorate General of Migration Management in Turkey.
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Turkey will return to Syria, even if peace conditions would be achieved, the necessity of long-

term policy-making is evident.

This paper focuses only on the Syrians uTP in Turkey, using the temporary protection

registries, and their settlement patterns, applying a comparative perspective with the internal

migration patterns of the local population. I acknowledge that other migrant groups, living in

Turkey due to regular (registered) or irregular migration may have similar or different settle-

ment patterns, yet this topic is outside the scope of this study. Further research in this field

may reveal the similarities and differences between different migrant groups, although current

data on irregular migration is not as detailed. The temporary protection status differs from

the general meaning of refugee and asylum seeker and is only applicable to the case of Syrian

citizens in Turkey after the Syrian civil war.

This paper aims to contribute to the migration studies in the context of Turkey in two ways.

The first section of the study, presents a comparison between the internal migration patterns in

Turkey and mobility of Syrians uTP in Turkey using data visualization tools. Visual analysis

of migration movements is witnessing a growing interest in the literature with inspiring studies

such as the adoption of genomic visualisation methods to map bilateral international migration

flows (Abel and Sander, 2014) and dendrochronology (tree-ring dating) visualisation methods

to map the US immigration patterns (Cruz et al., 2019). In this study I will follow the approach

of Abel & Sander (2014) and to the best of my knowledge this method has not been used in

the context of Turkey before, nor in a manner to graph the comparison between local and mi-

grant/refugee populations. The main objective of using this method is to understand whether

there is a visible convergence and/or divergence between the internal migration patterns and

settlement patterns of Syrians uTP, and how these patterns can be interpreted. In the second

section of the study, an empirical analysis is carried out to shed light to what drives the set-

tlement patterns of Syrians uTP in Turkey and what the policy implications of these patterns

could be. Each of these parts include a data and methodology part and a part for results. Using

both data visualization techniques and empirical analysis results, I inquire whether replacement

migration may be a policy option for Turkey and Syrians under temporary protection. Thus,

in conclusion, the results of the two sections of the study are discussed within the framework of

fundamental migration theories and replacement migration.

2.1 Background and Literature Review

2.1.1 Background

Migration, both international and internal, has always been an important issue for Turkey.

Starting with the population exchange agreement with Greece in 1923, Turkey experienced mi-

grant flows, where the migrants mostly had ethnic or cultural ties with Turkey. In the last four

decades international migration flows based on ethnic and cultural ties continued with migrants
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from Iraq, Bulgaria, Bosnia, Kosovo and Macedonia2.

Internal migration in Turkey started to become a prominent issue starting from the 1950s.

Internal migration in Turkey, just as the migration trends in the world, is often a migration

from rural to urban areas or between urban areas. Large metropolitan areas emerged as result

of this exodus to urban areas, most striking example of which is Istanbul, where the population

increased form 1.5 million in 1955 to 15.5 million in 2020. The findings of Eryurt and Koç

(2015) suggest that Turkey is a migration country, as 63.3% of the population over the age of

17 have migrated at least once in their lifetime. Overall, urban to urban migration accounts for

29.3% of internal migration trends, while rural to urban follows with 24.9% (Eryurt and Koç,

2015, p.499). It should also be noted that internal migration trends and its reasons in Turkey

may vary among ethnic groups. As result of the armed conflict with the Kurdish separatists,

Kurds in Turkey, especially during the 1990s, were internally displaced or forced to migrate due

to security reasons, from rural areas in the southeast to urban areas in the west. This increased

population movement of Kurds in Turkey is also apparent in the Survey on Migration and Inter-

nally Displaced Persons in Turkey, 2005, as the share of ever migrating is 71.7% among Kurds

and 61.1% among Turks. About 12% of the Kurds stated to have migrated due to security rea-

sons and while Kurds are observed to have a rural to urban migration trend, Turks are observed

to migrate among urban areas (Eryurt and Koç, 2015, p.499).

The breakout of violence in 2011 in Syria turned into a civil war within months and escalated

to a point where the gravity of the refugee crisis extended beyond the immediate region and

neighbouring countries. Since 2011, Turkey applied an open-door policy to Syrian refugees, at

first considering that civil war would end soon and repatriation would be possible after the end

of the civil war. As the gravity of the crisis and the influx of refugees increased in 2014 and 2015,

the Turkish government accepted to become a part of Syrian Regional Response Plan (SRRP)

in cooperation with the UNCHR (Kirişci and Ferris, 2015) as well as signed the controversial

readmission agreement with the EU (known as the EU-Turkey Deal). Per the EU-Turkey Deal,

Turkey agreed to strengthen its capabilities to register, accommodate and facilitate Syrians while

the EU commits to provide financial assistance to Turkey.

As of 28 October 2020, Turkey hosts 3,627,991 registered Syrians uTP according to data pub-

lished by the DGMM in Turkey. Syrians uTP outside the camps can move between provinces

due to family, health, work and education purposes, yet they need to register their new address

in order to continue to receive assistance. Currently there are seven shelter centres for Syrians

uTP, which host 59,427 people in 5 provinces. These figures leave 3,568,534 people living in

urban areas (of Migration Management, 2020).

2Figures are received from the Directorate General of Migration Management.
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2.1.2 Literature Review

Internal migration in Turkey has been elaborated by researchers mainly focusing on two is-

sues; its economic implications (development and inequality) and social implications. Regarding

the economic implications, Çıracı and Atalık (1993) present an empirical analysis, showing that

the push effect originates from regional differentiation and the most significant factor affecting

the net change in migration is GNP per capita. In another study on the effects of per capita

income on net migration rate, Yamak and Yamak (1999) show that the pull-effect appears to be

more important for internal migration in Turkey, as high income of migrant receiving provinces

is observed to be more significant than the low income of provinces of out-migration. Gezici and

Keskin (2005) also provide evidence that per capita income and job opportunities are the main

drivers of internal migration, the direction of migration is often to the west and being located

at the coast increases the pull effect of provinces, except for the Black Sea region. Furthermore,

Gezici and Hewings (2004) conduct a spatial analysis to examine whether there is convergence

between the regional inequalities over time and conclude that no significant convergence can be

observed.

Looking at both economic and social aspects of internal migration, Gökhan and Filiztekin

(2008) provide evidence to the intuitional assumption that income-seeking migrants are younger

and have higher education levels in comparison to people migrating for other reasons. They also

find a gender variation and argue that, although one gender cannot be defined as the dominant

income-seeker over the other, for females the variation suggests a certain degree of migration-

dependency on males (2008, p. 25).

The social implications of migration are also examined from the perspective of ethnicity, con-

sidering the ethnic variation in migration in Turkey mentioned above, despite the substantial

lack of data. In social sciences literature, the ethnic distribution in Turkey is often measured by

the mother tongue based on the results of population censuses. The 1965 population census is

the last one that reports the results of the distribution of different mother tongues, allowing for

consistent estimation of ethnic minorities in Turkey 3. Recently, Turkish Demographic Health

Survey data replaced the population censuses as a source for ethnicity estimation, as it includes

the mother tongue question starting from 1998. Despite the challenges of data availability, stud-

ies on ethnicity and migration increased in the last decades. Analysis of the significant difference

in fertility rates and fertility decline between Turks and Kurds across and within regions (Koc

et al., 2008) and language shifts due to internal migration, where bilingualism and even the num-

ber of monolingual-Turkish speakers increased among the Kurds migrating to West, especially if

they receive higher education (Zeyneloglu et al., 2016) are some prominent examples in this field.

3Until the 1990 population census, the relevant question had remained as part of the questionnaire but results

were not reported. Eventually the question had been removed from census questionnaire form in 1990 and

the questionnaire-based census data has been abandoned in 2007 to be replaced by Address Based Population

Registration System (ABPRS) for population statistics.
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Understanding the settlement patterns of Syrians uTP is important in the case of Turkey,

as it is a unique case that hardly fits into any strict theoretical approach. The migration of

Syrians uTP does not fit into traditional refugee understanding, considering that only less than

5% of the refugees live in camp environments. By a great majority, Syrians uTP in Turkey

are living in urban areas, seeking jobs. However, it cannot exactly fit into the framework of

labour migration by De Haas (2005, p. 1271), for example, who argues that the depiction of

unprecedented mass migration flows is flawed in comparison to the migrations of the former

century, and labour migration is not about absolute poverty but relative deprivation due to

global inequalities. Although the settlement of Syrians uTP in urban areas may resemble the

labour-motivated migration patterns from developing countries, there is an absolute deprivation

dimension as many Syrians uTP had lost their homes and families. Furthermore, Turkey, as a

developing country itself with a relatively young population, is not comparable to the developed

countries receiving labour migration. Even though the refugee influx came as an exogenous

shock, it is apparent that it cannot be addressed via temporary protection policies. In that

sense, Syrians in Turkey are neither immigrants who came as job-seekers nor long-time guests

who will surely return eventually.

In line with that thought, Disaster and Emergency Management Authority (AFAD) in Turkey

conducted an extensive survey research to assess the demographic composition, life conditions

and expectancy of Syrians uTP. This study shows that 21.5% of survey respondents in camps

and 15.6% of survey respondents living in urban areas stated that they never intend to return

to Syria, even if peace conditions are achieved4 (AFAD, 2017, p. 110). These results alone

underline the necessity of long-term planning and integration policies.

In this study I hypothesize that the theory of replacement migration, proposed by the UN

Population Division (2001) may offer a solution to the settlement of Syrians uTP in Turkey.

Replacement migration proposes in essence, that international labour migration can be a solution

to developed countries that decline in (working age) population. In order to be able to suggest

replacement migration as a sound policy option, I first aim to understand the convergences and

divergences of migration patterns of both locals and Syrians uTP in Turkey. If the settlement

patterns and motivations of Syrians uTP can be assessed, policies to encourage their migration

to the rather depopulated areas of Turkey, due to out-migration, might follow. In a similar

understanding, Bansak et al. (2018) suggest to improve refugee integration by using an algorithm

to assign incoming refugees to locations, that would better suit their background, educational,

linguistic and cultural characteristics. Applying the suggested method in the contexts of United

States and Switzerland, they claim that employment chances of refugees can be increased by

41% and 73% respectively (Bansak et al., 2018, p. 3).

4Survey respondents are asked to select one of the following options: “I never intend to go back”, “No opinion”,

“I want to go back as soon as possible”, “I want to go back when the conflict in Syria is over”, “I want to go

back when the conflict in my hometown is over” and “I want to go back when the regime/government changes”.

Translations are my own.
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2.2 Data Visualisation

2.2.1 Data and Methods

Data used in this section is obtained from the Turkish Statistical Institute (hereafter Turk-

Stat) database and (Ministry of Interior) Directorate General of Migration Management (here-

after DGMM) registries. The internal migration data published by the TurkStat is very detailed

and reports the number of people moving from one place to another at NUTS-I (regions), NUTS-

II (sub-regions) and NUTS-III (provinces) levels. For the convenience of interpreting the charts,

NUTS-I level data is used for internal migration. The internal migration data by TurkStat is

based on the Address Based Population Registration System (hereafter ABPRS). ABPRS cov-

ers the Turkish citizens as well as foreign nationals and former Turkish citizens, with residence

permits. The foreign nationals with work/residence permits do not include Syrians uTP, as

the temporary protection status is not part of the definition of de-jure population based on

residence (Institute, 2020). In addition to the annual in- and out-migration data, ABPRS also

includes data on migrant stocks at NUTS-III (province) level. Migrant stocks are reported in

two ways, province of residence by birthplace (province or district level) and province of res-

idence by province of family registry. Moving the family registry to the place of residence is

a bureaucratic procedure that many people choose not to, as the registry of current residence

alone is sufficient to access necessary public services, to vote etc. Considering this aspect of

the family registry system and the automatic registry of the birthplace, I used the province of

residence by province of birthplace data, to visualize the migrant stocks of provinces in 2019.

The NUTS classification in Turkey is shown in Table I in the Appendix (2.5). Data obtained

from the DGMM shows the distribution of refugees at province level, however, to better match

the refugee settlement pattern and internal migration flows, this data is also clustered at NUTS-I

level and used to visualize the settlement patterns of Syrians uTP in Turkey.

Two different methods are employed to visualize the internal migration and refugee set-

tlements in Turkey. Considering that internal migration needs to demonstrate both in- and

out-migration between NUTS-I regions, the Chord diagram is selected as the suitable method.

The method used for the internal migration patterns in this study is first used in migration

studies by Guy Abel and Nikola Sander (2014), to map the worldwide international migration

flow. Using this innovative approach, Abel and Sander demonstrate the international migration

between 1990 and 2010 for 192 countries, clustered at 15 regions. Quantifying international mi-

gration flows is considered as a useful method to reach beyond methodological boundaries and

understand the causes and consequences of worldwide migration flows (Abel and Sander, 2014).

Following the introduction of the circular plots and the Chord diagram into migration studies,

the approach is adopted also for the analyses of internal migration flows. Chord diagram is

used to plot and demonstrate the dynamics of internal migration in Australia (Charles-Edwards

et al., 2015), China (Qi et al., 2017), South Korea (Abel and Heo, 2018) and Brazil (Baptista

et al., 2018).
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As the data on Syrians uTP allows only for an analysis of one directional flow from Syria

to the current place settlement rather than a bilateral one among the NUTS-I regions, Sankey

diagram is chosen as the method to employ. Using Sankey diagrams, I visualise both the dis-

persion of Syrians uTP and the change in the number of Syrians uTP across NUTS-I regions.

In both cases, the graphs and charts are produced using R software and Chord diagram (Gu

et al., 2014), Sankey diagram packages. The distribution of Syrians uTP across NUTS-I regions

is mapped and included in the Appendix 2.5. Finally, following the example of Faggian and

Franklin (2014), the net migration of Turkish citizens and Syrians uTP are compared at NUTS-

I regions between 2016-2019 to contribute to the discussion of convergences and divergences of

their respective migration patterns.

To facilitate the interpretation of both internal migration patterns and the settlement (and

possibly re-settlement) patterns of Syrians under TP between NUTS-I regions in Turkey, a

NUTS-I map of Turkey is presented in Figure 2.12 in the Appendix 2.5. The circular demon-

stration of internal migration patterns among the NUTS-I clusters of Turkey is implemented

from different perspectives. For the last available year of data (2019), visualizations of both

dynamic annual bilateral migration flows and static migration stocks are created. For the rest

of the available years of data (form 2008 to 2018) only the bilateral migration flows are illus-

trated. Furthermore, to observe if and how the year-based trends would accumulate, I aggre-

gated the annual data for the last decade (Figure 2.5-2.6). It is important that Chord diagram

enables the visualisation, better perception and interpretation of the comparison between in-

and out-migration across regions and to observe the streams as well as the counter-streams of

inter-regional migration. However, to simplify, I also calculated the net migration on the 10-

year dataset and illustrated the cumulative net migration plot (Figure 2.7). Considering the

complexity of the circular flow charts and to simplify the interpretation, a second copy of each

plot is made, to only show the top 10 largest links (Figure 2.8).

2.2.2 Results

The chord diagrams seem complex at first sight, due to the confusion created by multiple

lines indicating migration flows in various directions. Yet the circular visualization also makes it

easier to observe persistent migration patterns over the years. In the plots presented in this sec-

tion as well as in the Appendix 2.5, the most dominant player in the game, the region possessing

the largest volume of links with other regions, is placed on the top of the plot. In the case of

Turkey, this region is always Istanbul, denoted by TR1. Each sector in the diagram shows one

NUTS-I region with a specific color and labelled just outside the grid. Out-migration from each

NUTS-I region is demonstrated with the same colour as the region’s grid border. The streams

that leave the region stand one unit farther than the grid and their destination is indicated

in the multicolored line between the link and grid border. In contrast, in-migration links to

NUTS-I regions have arrowheads to indicate the direction and they stand one unit closer to the
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destination grid border, next to the respective out-migration links.

The Chord diagrams plotting the bilateral internal migration flows and current migration

stocks in 2019 are presented below in Figures 2.1-2.2 and 2.3-2.4 respectively. All values on grid

axes are to be considered in thousands. The circular plots of bilateral migration flows as well

as the copies showing the top ten largest streams for the period 2008-2018 can be viewed in the

Appendix 2.5, figures 2.13-2.34.

Consistent with the theoretical and empirical work, Istanbul (TR1) emerges as the giant

dominating all charts both in terms of in- and out-migration. One can observe the gradual

increase of out-migration in Istanbul over the years, and also how the city became a region of

out-migration, in the last two years, after decades of constantly positive net migration rate.

While interpreting the internal migration flows in Turkey, there are two issues to keep in mind

in addition to the economic reasons, proximity effect and migration of Kurds. It can be seen

that there is a persistent migration pattern (again both in and out) between Istanbul (TR1)

and Western Black Sea (TR8), Western Marmara (TR2), Eastern Marmara (TR4) and Eastern

Black Sea (TR9) regions. Except for Eastern Black Sea region (TR9), the regions of constant

migration can be considered as the hinterland of Istanbul, thus the importance of proximity is

also evident in these charts. The same persistent migration pattern and proximity effect can

also be observed between Southeast Anatolia (TR C) and Mediterranean (TR 6), visualising the

migration of predominantly Kurdish populations in the southeast to south. The migration flow

from east to west, subject to many migration studies in Turkey, is also observable in the charts.

Links from Northeast Anatolia (TR A), Central-east Anatolia (TR B) and Southeast Anatolia

(TR C) to Istanbul (TR1) and to a certain extent to Aegean (TR 3) show this constant flow,

even though harder to track due to low population density in the out-migration regions.



14

Figure 2.1: Bilateral migration flows at NUTS1 level in Turkey, 2019

Figure 2.2: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands), 2008
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Figure 2.3: Origins of migration stocks at NUTS1 level in Turkey (thousands), 2019

Figure 2.4: Top 10 Origins of migration stocks at NUTS1 level in Turkey (thousands), 2019
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Figure 2.5: Cumulative bilateral migration flows at NUTS1 level in Turkey (thousands), 2010 -

2019

Figure 2.6: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

cumulative for 2010 - 2019
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Figure 2.7: Cumulative net migration flows at NUTS1 level in Turkey (thousands), 2010 - 2019

Figure 2.8: Top 10 net migration flows at NUTS1 level in Turkey (thousands), cumulative for

2010 - 2019
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There are certain limitations to this analysis of internal migration patterns. First, due to

the nature of the data we analysing the internal migration based on quantity, therefore, while

it is an accurate method to track the relocation within the country, not knowing the purpose

of migration limits the interpretation. Second, short-term migration such as seasonal agricul-

tural workers are seemingly not represented as the short-term relocations are only shown in

ABPRS data if the person registers his/her address at the neighbourhood5 administration. This

may also create an under-reporting of migration for educational purposes, especially the case

of university students studying out of their hometowns. However, the frequency of elections

in the period of analysis may create an advantage to mitigate the issue of under-reporting in

this case. Considering that in Turkey, people are automatically registered as voters at the age

of 18, but can vote only at the closest ballot station they are assigned to in their neighbour-

hood, and also considering that there were three general, two local elections and two referenda

between 2008-2017, it is very likely that non-permanent relocations are also included in the data.

It should also be considered that in Turkey public servants can be relocated/reassigned to

different provinces at will or by central decision, and are also required to complete a mandatory

service in the disadvantaged regions for a period of two to three years. As they also register

their new, but non-permanent addresses for official records, the role of public servants in the

internal migration patterns shown above should also be considered. The case of public servants

can also help to explain the out-migration from metropolitan areas/more developed regions,

together with the possible movement of students who graduate and continue their education or

start looking for a job in a different city or back in their hometowns.

Following the internal migration patterns, I proceed with the migration patterns of Syrians

uTP in Turkey. As the data on the distribution of Syrians uTP across provinces starts at the

end of 2015, the first diagram shows the settlement of refugees in NUTS-I regions in Turkey in

2015 (Figure 2.9 below). The following diagram,Figure 2.10, depicts the change in the stock

of Syrians uTP by NUTS-1 regions, to better illustrate the change occurred in the four years.

Similar to the approach taken for the Chord diagrams, further annual plots are presented in the

Appendix 2.5, figures 2.35-2.38.

5Address registry in Turkey can be made at the neighbourhood administration (muhtarlık) level.
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Figure 2.9: Distribution of SuTP at NUTS1 level, 2015

Figure 2.10: Increase in the # of SuTP at NUTS1 level, 2015-2019
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The Sankey diagrams clearly show that Syrians under TP in Turkey are concentrated in

three regions; Southeast Anatolia, Mediterranean and Istanbul. The distribution of Syrians

under TP mapped over the years (Figures 2.39-2.43 in the Appendix 2.5) also confirms this pat-

tern. The selection of the first region, Southeast Anatolia, is arguably due to proximity effect

and cultural ties, since it is a region bordering Syria, where a minority of ethnic Arabs live.

The second region Mediterranean is also under the proximity effect, as it borders Hatay, one of

the entry points from Syria to Turkey. Population in Hatay is also very diverse, comprising of

Turks and Kurds (Alawits and Sunnis) and also ethnic Arabs. The third prominent region is

Istanbul, for which the proximity effect is not valid. Located far from the Syrian border, the

pull effect of Istanbul for refugees is possibly the same for Turkish citizens, i.e. economic reasons.
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Figure 2.11: Comparison of locals and Syrians uTP in net migration at NUTS-1 regions (2016-

2019)
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The Figure 2.11 demonstrates a comparison between the absolute net migration in NUTS-I

regions of Turkey in terms of both Turkish citizens (shown in gray) and Syrians uTP (shown

in red). The bar plot shows that net migration patterns of Turkish citizens and Syrians uTP

not necessarily follow the same trend or even the same direction. The Southeast Anatolia Re-

gion (TRC) is a known negative net migration region in Turkey, due to the Kurdish conflict,

relatively younger population and relative underdevelopment. However, the region is bordering

Syria and holds the strongest cultural ties with Syrians and therefore a more popular desti-

nation for Syrians uTP than Turkish citizens. Similarly, Mediterranean Region (TR6), while

economically more developed than the Southeast Anatolia Region (TRC), is not as popular a

destination region for Turkish citizens as it is for Syrians uTP. Comparing at the rankings of

regions in terms of net migration each year (Faggian and Franklin, 2014), one can see that the

top receiving and sending regions do not overlap for Turkish citizens and Syrians uTP.

The Figure 2.10 also illustrates that in addition to these areas, the Syrians uTP also started

to move to East Marmara (TR4) region and West Anatolia (TR5) region between the years

2016-2019. As the assumptions of proximity to the border and cultural ties are not valid for

these two regions, other factors such as economic seem to be affecting their settlement choices.

These two regions are relatively more industrial than the Southeast Anatolia region at the Syrian

border. It is also interesting that while both East Marmara (TR4) region and West Anatolia

region (TR5) are almost always positive net migration regions 2.11, when examined in terms

of bilateral flows, they are among the top negative (bilateral) net migration regions in the last

decade, as demonstrated in Figure 2.8. These seemingly conflicting results for East Marmara

(TR4) and West Anatolia (TR5) regions show that while they continue to attract both Turkish

citizens and Syrians uTP, potentially due to the industrial job market, they maintain strong and

dynamic mobility ties with specific regions.

2.3 Empirical Analysis

2.3.1 Data and Methods

Data used in the empirical analysis is obtained from three main sources. The data on the

number of Syrians uTP across provinces over the five years between 2015-2019, which is the

dependent variable of the statistical analysis, are obtained from DGMM registries. Almost all

other indicators, constituting the explanatory and control variables in the analysis are gathered

from Turkish Statistical Institute online statistics database. The only indicators that are not

from the Turkish Statistical Institute database, are the minimum and maximum distance (in

km) and driving duration (in hours) between provinces and the entry points at the Syrian bor-

der. The distance and duration measures are obtained via googleway package on R using the

Google Maps Distance Matrix API.

Using the sources above, I created a panel data set combining demographic data and data

on Syrians uTP at province level (81 provinces) for the years 2015-2019. In line with the re-
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quirements of the EU-Turkey Deal, general data on Syrian refugees is publicly available since

early 2016 and updated weekly. The oldest available province-level data on Syrians uTP dates

to January 15, 2016, which is considered as the data for the end of 2015. For all other years,

annual data on Syrians uTP is taken as the last available data for each years. Although data

on Syrians uTP are updated frequently, data taken from Turkish Statistical Institute is annual

and in order to maintain consistency, end-of-the-year data is included in the panel.

The indicators obtained from the database of Turkish Statistical Institute and included in

the panel data for analysis are; population, net migration rate, child dependency ratio, elderly

dependency ratio, median age, Gini coefficient, GDP per capita6, historical rate of minority lan-

guages, unemployment rate and employment rate. All variables except for the unemployment

rate and employment rate are at province level. Data on unemployment rate and employment

rate are only available at NUTS-2 level (26 sub-regions), therefore provinces located at the same

sub-region are considered to have the same rates in the data set of this study. Although, this

may create a certain degree of bias, considering that provinces in a sub-region have common

socio-economic characteristics, and the number of regional-level indicators are limited, the bias

is assumed to be negligible.

The distribution of immigrants and/or native speakers of immigrants’ mother tongue is often

used in the literature as a proxy for cultural ties and incentive for the settlement preferences of

migrants. Historical settlement pattern of immigrants and/or historical rate of ethnic minorities

are often used as an instrumental variable in studies aiming to assess the effect of migration on

an issue of interest (Eugster et al., 2017). In the case of Turkey and Syrians uTP and election

outcomes, for instance, historical distribution of Arabic-speaking minority in Turkey is used as

an instrumental variable (Altındağ and Kaushal, 2020). As the aim of this study is to analyse

the settlement preferences Syrians uTP in Turkey, the historical share of native Arabic speakers,

measured in 1927, is used as an explanatory variable to account for the share of Syrians uTP

across provinces.

In contrast to Altındağ and Kaushal (2020), I use the historical share of native Arabic

speakers, as well as Kurdish and Circassian speakers for controls, across provinces based on

1927 census, instead of the 1965. The reason for this choice is that the 1927 census was the first

census under the Republic, conducted in order to provide a clear picture of the demographics of

the new state. In the following years, nation-state policies intensified, unity of language playing

an important role. Thus, I believe that the first available province-level share of native Arabic

speakers instead of the last available province-level share of native Arabic speakers would capture

the historical share more accurately. However, I also included 1965 census data for robustness

checks. In both cases, census data is obtained from TurkStat website.

One drawback of the 1927 and 1965 censuses is that it does not include information on all

6GDP data at province level is available only until the end of 2018
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current provinces, as some have been recognized as a provincial administrative unit after the

1980s and 1990s. As the 1927 data is rigorous, providing information not only at province but

also at district level, I started creating the variable of historical share of Arabic speakers at

district level. This way, I re-assembled the current administrative units and managed to build

a province-level variable in the most accurate way possible with the available data. The only

missing province is Hatay, a border province with Syria, which became part of Turkey in 1939.

Therefore, I used 1945 census for Hatay, to account for the earliest available historical share

of native Arabic speakers. The map showing the distribution of the number of native Arabic

speakers across provinces in 1927 (Figure 2.44) is provided in the Appendix (2.5). As the Fig-

ure 2.44 is based on actual numbers of native Arabic speakers, Hatay and Yalova7 provinces are

missing. In (Figure 2.45) the share of native Arabic speakers, relative to the province population

is mapped, based on complete data used in the empirical analysis. Overall the share of Turkish

citizens with Arabic as mother-tongue is 1.85% according to 1927 census and 1.51% according

to 1965 census. Summary statistics of all variables are shown in the Table 2.3 in the Appendix

2.5.

The main motivation of the empirical analysis is to observe, whether replacement migration

can have an opportunity, thus whether it could be possible to incentivise policies for Syrians

uTP to settle in provinces where the dependency ratio is high. By the descriptive analysis using

data visualisation methods, we observe two particular trends in the settlement preferences of

Syrians uTP. The first trend is to settle in provinces close to the Syrian border, as a combination

of the proximity effect (Ravenstein, 1885) and cultural ties (Eugster et al., 2017). The second

trend, which is also observed to become intensified in recent years, is to settle in provinces with

industrial development and/or relatively more dynamic economic activity. This trend appears

closer to the economic motivations in internal migration patterns. Considering the EU-Turkey

Deal that came into effect in March 2016 and closed-off the passageway for Syrian refugees from

Turkey to the EU and obliging them to stay in Turkey under the status of temporary protection,

it is possible that after this date and gradually the settlement patterns of Syrians uTP came to

be shaped more by economic motivations and approximate internal migration patterns. Thus,

the hypothesis tested here is as follows;

H1: The number of Syrians uTP in a province is positively correlated with the migration

behaviour of Turkish citizens for that province

To analyse the factors that affect the settlement pattern of Syrians uTP, I use a panel data

approach. I regress the independent variables of natural logarithm of population, net migration

rate, median age, historical share of Arabic-speaking minority, distance from the Syrian border,

child dependency ratio, elderly dependency ratio, unemployment rate, employment rate on the

7In 1927 central Yalova used to be part of a district (Karamürsel) in Kocaeli. For the share of native Arabic

speakers indicator, the share in Kocaeli is considered as no administrative unit of Yalova as of today is included

in the 1927 census data



25

dependent variable of the natural logarithm of the number of Syrians uTP in a province. The

main aim is to observe the socio-economic factors that contribute to the settlement choices of

Syrians uTP. In this quest, I use the population and net migration rate of provinces as indicators

of internal migration patterns. The historical share of Arabic-speaking minority is considered

as a proxy of cultural ties and distance from the Syrian border measures the proximity effect.

Unemployment and employment rate are considered as indicators of the economic conditions in

a province. Last, the variables of median age, child dependency ratio, elderly dependency ratio

are regarded as indicators to help examining the possibility of replacement migration.

I apply both fixed effects and random effects models, however, the design of this study

prefers random effects model, considering that there is a significant amount of variance between

provinces and two time-invariant variables, historical rate of native Arabic speakers and dis-

tance to border entry points, are important variables of interest. In the fixed-effects model

all province-specific time-invariant characteristics are absorbed, to enable observation of time-

variant characteristics. Therefore, the fixed effects model is considered as a robustness check,

in which the historical settlement pattern of Arabic-speaking minority and distance to border

measures are omitted.

2.3.2 Results

Corroborating with the design of this study, the random effects model is preferred by the

Hausman test over the fixed effects model. The results of the random effects model are presented

in Table 2.1, while the comparison with the fixed effects model is to be found in the Appendix

(2.5).

The results shown in Table 2.2 reject the H1 and show that the association between the

number of Syrians uTP and the net migration rate of a province is negative and significant.

Furthermore, the association between the number of Syrians uTP and the median age in a

province is positively correlated, but loses its significance when the year fixed-effects are intro-

duced. The negative association between the number of Syrians uTP and the net migration rate

remains almost unchanged with the introduction of year fixed-effects.

Among the control variables, the (logarithmic transformation of) province population and

the historical rate of native Arabic-speakers (1927) are found to have a positive and significant

association with the number of Syrians uTP. The minimum distance to the border is significantly

and negatively correlated with the number of Syrians uTP, indicating that geographic proximity

to the border, similar to the cultural proximity shown by the historical rate of native Arabic-

speakers (1927), is an incentive for settlement for Syrians uTP. Although the economic activity

is concentrated in the west of the country and far from the Syrian border, the results imply

that economic factors are not the only motivation in the settlement decisions of the Syrians

uTP in Turkey. The association observed between the number of Syrians uTP and employment
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Table 2.1: Results of the empirical analysis (Random effects model)

(1) (2)

VARIABLES ln(Refugees) ln(Refugees)

Net Migration Rate -0.00197** -0.00195**

(0.000950) (0.000814)

Median Age 0.426*** 0.119

(0.129) (0.146)

ln(Population) 1.791*** 1.800***

(0.221) (0.212)

1927 Rate of Arabic Speakers 0.0205 0.0308**

(0.0201) (0.0148)

Unemployment Rate 0.0229** 0.00271

(0.0109) (0.0130)

Employment Rate -0.00572 -0.0179*

(0.00669) (0.0104)

sqrt(Min. Distance) -0.214*** -0.117***

(0.0323) (0.0383)

Child Dependency Ratio 0.0369 0.00904

(0.0387) (0.0371)

Elderly Dependency Ratio -0.173* -0.0667

(0.0894) (0.101)

Gini coefficient -1.509 -1.595

(1.766) (1.748)

Constant -22.30*** -15.05***

(3.515) (3.689)

Observations 405 405

Number of provinces 81 81

Year FE NO YES

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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& unemployment rates across provinces also seem to support this argument. However, due to

possible reverse causality bias, I refrain from reading more into the negative association between

the number of Syrians uTP and employment rate.

To control the robustness of these results I replicated the random effects model with alterna-

tive variables, such as including historical rate (1927) of native Kurdish and Circassian speakers,

replacing 1927 data for native Arabic speakers with 1965 census instead, including maximum

distance and minimum/maximum driving duration to border instead of minimum distance. The

results of these robustness checks are reported in the Appendix 2.5 under Table 2.4. An in-

teresting result that can be observed by the alternative native language variables is that the

correlation with the 1927 rate of native Kurdish speakers is significant and negative. Although

the predominantly Kurdish provinces are located close to the Syrian border and the cultural

proximity could be assumed, in comparison to for instance, Western predominantly Turkish

provinces, the results suggest the opposite. Along with the difference in language, economic

reasons and sectarian difference (for the provinces where Kurdish Alawites have a higher share

in the population) may play a role in these results, as a possible area of future research. Last

but not least, the rate of native Arabic speakers from 1965 census is observed as insignificant,

signalling that using 1927 data has more potential to measure the cultural ties.

Furthermore, I replicated the model after dropping Istanbul from the dataset, considering

that Istanbul may confound the estimations (2.5). In all models, results of which are provided

in the tables 2.4 and 2.5, the significance and direction of the main variables of interest are

maintained.

2.4 Conclusion

The characteristics of internal and international migration patterns are often investigated

separate from each other. However, the recent sizable influx of Syrian refugees, their long-term

stay in urban areas and their need to find means of livelihood suggests a potential area of re-

search, to investigate in which ways internal migration and refugee settlement patterns converge

and diverge. In this study, I aimed to shed light to whether there is a correlation between the

migration behaviour of Turkish citizens and settlement pattern of Syrians uTP. I consider the

Syrians uTP in Turkey as a special case, one that bears the characteristics of both traditional

refugee-policy approach and labour migration. Syrians uTP are supported by numerous interna-

tional organizations and access to public services is enabled for free based on the EU-Turkey Deal

and support of UNHCR. Yet, the share Syrians uTP in camps is quite low, and despite the very

basic safety net provided by the efforts of international organizations and Turkish authorities, a

great majority of them have to sustain their lives on their own. Under the status of temporary

protection, they are free to move between provinces and are in need of jobs, a characteristic

they share with job-seeking immigrants. Furthermore, they will remain in Turkey for medium-

to long-term, and a certain share of Syrians uTP would probably never return to Syria ever.
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These features of the Syrians uTP issue require immediate attention of both researchers and

policy-makers to develop long-term and sustainable policies that would support Syrians uTP

and would suit for the natives.

I believe evidence-based policies is important in every field but especially so, in cases like this.

The main idea behind this study was to see if replacement migration could offer any solution to

this issue. To see that, I questioned if the internal migration patterns and refugee settlement

patterns match anyhow and tested this using data visualisation methods and a simple empirical

analysis.

Data visualisation analysis demonstrated that a majority of Syrians uTP are concentrated

in three regions; southeast Anatolia, Mediterranean and Istanbul. Compared to the internal

migration patterns in Turkey, these results show that although the pull effect of Istanbul (also

Izmir) is similar for Turkish citizens and Syrian refugees, apart from the metropolitan areas, the

patterns show divergences. A concentration in southeast Anatolia and Mediterranean signals

that proximity both in terms of geography and culture/language play a more important role for

the determinants of settlement. In line with this, it should also be considered that within the

Mediterranean region, refugee concentration is more towards east (Syrian border) rather than

towards west, where tourism-driven economies (Antalya and Muğla) are located.

In the empirical analysis part, the main hypothesis, assuming a positive and significant cor-

relation between net migration rate of provinces and number of Syrians uTP, is disproved. The

association is found as negative and significant instead, suggesting that the migration behaviour

of the locals and the Syrians uTP are in opposition. While these results provide a base for

replacement migration policies to be developed, further research is needed to understand the

characteristics of this negative association. Furthermore, the lack of proximity effect to border

signals that economic activity is an important factor for the settlement patterns of Syrians uTP,

similar to the locals.

The results of both data visualisation and empirical analysis imply that Syrian refugees

prefer to settle in provinces that are culturally close to their own country and/or in provinces

where they know job opportunities would be higher. However, this pattern still leaves room for

replacement migration in depopulated areas. Considering the algorithm suggested by Bansak

et al. (2018), the findings show that there is room for policy-making that would incentivize

and relocate Syrian refugees where they would have a better chance at finding a job as well as

integrate with the native inhabitants. Future research focusing on this issue and using alternative

and more detailed sets of control variables, hence may have a chance to eventually develop a

similar algorithm for the case of Turkey.
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2.5 Appendix-Chapter 2

Table 2.2: NUTS (Nomenclature of Territorial Units for Statistics) classification in Turkey

Code NUTS I – Regions NUTS II – Sub-regions NUTS III - Provinces

TR1 Istanbul Istanbul Istanbul

TR 2 Western Marmara Tekirdağ, Balıkesir Tekirdağ, Edirne, Kırlareli /

sub-regions Balıkesir, Çanakkale

TR 3 Aegean Izmir, Aydın, Manisa Izmir / Aydın, Denizli,

sub-regions Muğla / Manisa, Afyon,

Kütahya, Uşak

TR 4 Eastern Marmara Bursa, Kocaeli sub-regions Bursa, Eskişehir, Bilecik /

Kocaeli, Sakarya, Düzce,

Bolu, Yalova

TR 5 Western Anatolia Ankara, Konya sub-regions Ankara / Konya, Karaman

TR 6 Mediterranean Antalya, Adana, Hatay Antalya, Isparta, Burdur /

sub-regions Adana, Mersin / Hatay,

Kahramanaraş, Osmaniye

TR 7 Central Anatolia Kırıkkale, Kayseri Kırıkkale, Aksaray, Niğde,

sub-regions Nevşehir, Kırşehir / Kayseri,

Sivas, Yozgat

TR 8 Western Black Sea Zonguldak, Kastamonu, Zonguldak, Karabük, Bartın/

Samsun sub-regions Kastamonu, Çankırı, Sinop

/ Samsun, Tokat, Çorum,

Amasya

TR 9 Eastern Black Sea Trabzon sub-region Trabzon, Ordu, Giresun,

Rize, Artvin, Gümüşhane

TR A Northeast Anatolia Erzurum, Ağrı sub-regions Erzurum, Erzincan, Bayburt

/ Ağrı, Kars, Iğdır, Ardahan

TR B Central-east Anatolia Malatya, Van sub-regions Malatya, Elazığ, Bingöl,

Tunceli / Van, Muş,

Bitlis, Hakkari

TR C Southeast Anatolia Gaziantep, Şanlıurfa, Gaziantep, Adıyaman, Kilis /

Mardin sub-regions Şanlıurfa, Diyarbakır /

Mardin, Batman, Şırnak, Siirt
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Figure 2.12: NUTS-1 level regions in Turkey
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Table 2.3: Descriptive statistics

Variable Mean Std. Dev. Min Max Observations

overall 32.047 5.432 19.34 40.76 N = 405

Median Age between 5.43 19.678 39.922 n = 81

within 0.563 30.011 34.141 T = 5

Net Migration overall -0.902 17.908 -118.97 138.51 N = 405

Rate between 7.699 -25.802 18.286 n = 81

within 16.186 -122.116 133.260 T = 5

Population overall 998,818.1 1803942 78550 1.55e+07 N = 405

between 1,812,442 83,247.6 1.50e+07 n = 81

within 42,274.26 640,697.7 1,502,531 T = 5

Unemployment overall 10.752 5.486 3.8 31.1 N = 405

Rate between 5.020 6.14 27.38 n = 81

within 2.266 4.012 21.112 T = 5

Employment overall 52.242 7.111 30 66.3 N = 405

Rate between 6.391 34.04 61.58 n = 81

within 3.180 45.742 64.602 T = 5

Dependency overall 50.050 8.172 37.12 78.91 N = 405

Ratio between 8.155 38.572 77.776 n = 81

within 0.967 46.376 54.336 T = 5

Child overall 35.204 11.549 19.6 72.29 N = 405

Dependency between 11.562 20.026 71.05 n = 81

Ratio within 1.006 31.426 39.456 T = 5

Elderly overall 14.846 4.895 4.77 29.16 N = 405

Dependency between 4.890 4.934 28.348 n = 81

Ratio within 0.537 13.4 16.608 T = 5
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Table 2.3 cont.

Variable Mean Std. Dev. Min Max Observations

Gini overall 0.361 0.0226 0.309 0.43 N = 405

Coefficient between 0.018 0.331 0.41 n = 81

within 0.014 0.327 0.399 T = 5

SuTP overall 39,441.66 97,067.02 14 557,663 N = 405

between 96,438.61 35.2 470,731.6 n = 81

within 14,617.97 -74,064.94 126,373.1 T = 5

1927 Share of overall 1.852 6.626 0 39.218 N = 405

Native Arabic between 6.659 0 39.218 n = 81

Speakers within 0 1.852 1.852 T = 5

1965 Share of overall 1.511 5.01 0 29.254 N = 405

Native Arabic between 5.035 0 29.254 n = 81

Speakers within 0 1.511 1.511 T = 5

1927 Share of overall 15.596 26.642 0 84.546 N = 405

Native Kurdish between 26.775 0 84.546 n = 81

Speakers within 0 15.595 15.595 T = 5

1927 Share of overall 0.778 2.004 0 15.451 N = 405

Native Circ. between 2.014 0 15.451 n = 81

Speakers within 0 0.778 0.778 T = 5

Minimum overall 644.837 348.373 9.77 1.379.25 N = 405

Distance to between 350.111 9.77 1.379.25 n = 81

Border (km) within 0 644.836 644.836 T = 5

Maximum overall 979.729 355.471 331.74 1,744.58 N = 405

Distance to between 357.243 331.74 1,744.58 n = 81

Border (km) within 0 979.729 979.729 T = 5

Minimum overall 7.713 3.687 0.261 14.528 N = 405

Duration to between 3.705 0.261 14.528 n = 81

Border (hrs) within 0 7.713 7.713 T = 5

Maximum overall 11.108 3.572 4.105 17.982 N = 405

Duration to between 3.589 4.105 17.982 n = 81

Border (hrs) within 0 11.108 11.108 T = 5
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Figure 2.13: Bilateral migration flows at NUTS1 level in Turkey (in thousands), 2008

Figure 2.14: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (in thousands),

2008
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Figure 2.15: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2009

Figure 2.16: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2009
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Figure 2.17: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2010

Figure 2.18: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2010
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Figure 2.19: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2011

Figure 2.20: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2011
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Figure 2.21: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2012

Figure 2.22: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2012
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Figure 2.23: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2013

Figure 2.24: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2013
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Figure 2.25: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2014

Figure 2.26: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2014
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Figure 2.27: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2015

Figure 2.28: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2015
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Figure 2.29: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2016

Figure 2.30: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2016
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Figure 2.31: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2017

Figure 2.32: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2017
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Figure 2.33: Bilateral migration flows at NUTS1 level in Turkey (thousands), 2018

Figure 2.34: Top 10 largest bilateral migration flows at NUTS1 level in Turkey (thousands),

2018
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Figure 2.35: Distribution of SuTP at NUTS1 level (2016), Sankey diagram

Figure 2.36: Distribution of SuTP at NUTS1 level (2017), Sankey diagram
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Figure 2.37: Distribution of SuTP at NUTS1 level (2018), Sankey diagram

Figure 2.38: Distribution of SuTP at NUTS1 level (2019), Sankey diagram
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Distribution of Syrians uTP − 2015
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Figure 2.39: Distribution of SuTP at NUTS1 level (2015)

Distribution of Syrians uTP − 2016
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Figure 2.40: Distribution of SuTP at NUTS1 level (2016)



47

Distribution of Syrians uTP − 2017
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Figure 2.41: Distribution of SuTP at NUTS1 level (2017)

Distribution of Syrians uTP − 2018
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Figure 2.42: Distribution of SuTP at NUTS1 level (2018)
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Distribution of Syrians uTP − 2019
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Figure 2.43: Distribution of SuTP at NUTS1 level (2019)
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Figure 2.44: Distribution of native Arabic speakers in Turkey (1927 - # of people)

Figure 2.45: Share of native Arabic speakers in Turkey (1927 - complete data)
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Table 2.4: Comparison of the results by random effects and fixed effects models

(1) (2) (3) (4)

VARIABLES FE Model FE Model RE Model RE Model

Median Age 0.286* -0.0517 0.426*** 0.119

(0.160) (0.206) (0.129) (0.146)

Net Migration Rate -0.00483*** -0.00174 -0.00197** -0.00195**

(0.00167) (0.00145) (0.000950) (0.000814)

ln(Population) 7.424*** 1.864 1.791*** 1.800***

(1.584) (2.294) (0.221) (0.212)

Child Dependency Ratio -0.0505 0.0251 0.0369 0.00904

(0.0544) (0.0461) (0.0387) (0.0371)

Elderly Dependency Ratio -0.000834 -0.0465 -0.173* -0.0667

(0.140) (0.166) (0.0894) (0.101)

Unemployment Rate -0.0102 0.00461 0.0229** 0.00271

(0.0121) (0.0135) (0.0109) (0.0130)

Employment Rate -0.0304*** -0.0170 -0.00572 -0.0179*

(0.00877) (0.0107) (0.00669) (0.0104)

Gini coefficient -2.673 -1.994 -1.509 -1.595

(1.719) (1.882) (1.766) (1.748)

1927 Rate of Arabic Speakers omitted omitted 0.0205 0.0308**

(0.0201) (0.0148)

sqrt(Min. Distance) omitted omitted -0.214*** -0.117***

(0.0323) (0.0383)

Constant -94.99*** -14.10 -22.30*** -15.05***

(20.51) (33.47) (3.515) (3.689)

Observations 405 405 405 405

R-squared 0.425 0.517

Number of provinces 81 81 81 81

Year FE NO YES NO YES

F-statistic 9.676 29.82

Chi2 470.4 1134

Within R-squared 0.425 0.517 0.343 0.509

Between R-squared 0.437 0.623 0.727 0.737

Overall R-squared 0.430 0.620 0.716 0.730

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table 2.6: Results of the replication excluding Istanbul

(1) (2)

VARIABLES ln(Refugees) ln(Refugees)

Median Age 0.426*** 0.119

(0.132) (0.148)

Net Migration Rate -0.00192** -0.00192**

(0.000962) (0.000824)

ln(Population) 1.777*** 1.800***

(0.250) (0.237)

Child Dependency Ratio 0.0371 0.00929

(0.0395) (0.0376)

Elderly Dependency Ratio -0.173* -0.0672

(0.0894) (0.101)

Unemployment Rate 0.0227** 0.00254

(0.0110) (0.0130)

Employment Rate -0.00533 -0.0175*

(0.00681) (0.0105)

Gini coefficient -1.600 -1.490

(1.812) (1.806)

1927 Rate of Arabic Speakers 0.0207 0.0309**

(0.0200) (0.0148)

sqrt(Min. Distance) -0.214*** -0.117***

(0.0337) (0.0400)

Constant -22.08*** -15.11***

(3.582) (3.764)

Observations 400 400

Number of provinces 80 80

Year FE NO YES

Model RE Model RE Model

Chi2 434.6 1084

Within R-squared 0.342 0.509

Between R-squared 0.713 0.722

Overall R-squared 0.701 0.716

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table 2.7: Replication of the model including GDP, (2019 removed)

(1) (2)

VARIABLES ln(SuTP) ln(SuTP)

Median Age 0.474*** 0.189

(0.109) (0.117)

Net Migration Rate -0.00374*** -0.00177

(0.00114) (0.00110)

ln(Population) 1.647*** 1.529***

(0.210) (0.200)

Child Dep. Ratio 0.0343 0.0361

(0.0338) (0.0312)

Elderly Dep. Ratio -0.270*** -0.123

(0.0795) (0.0831)

Unemployment Rate 0.0408** 0.0172

(0.0199) (0.0179)

Employment Rate 0.0149 -0.00981

(0.0185) (0.0198)

ln(GDP) -1.043** 1.105**

(0.416) (0.537)

1927 Rate of Arabic Speakers 0.0248 0.0248*

(0.0187) (0.0139)

sqrt(Min. Distance) -0.188*** -0.138***

(0.0372) (0.0356)

Gini coefficient -0.896 -0.769

(1.827) (1.820)

Constant -13.16*** -24.06***

(4.425) (4.303)

Observations 324 324

Number of provinces 81 81

Year FE NO YES

Model RE Model RE Model

F-statistic 563.8 1151

Between R-squared 0.713 0.765

Overall R-squared 0.706 0.760

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Chapter 3

Search for a New Home: Refugee

Stock and Google Search

Ebru Sanliturk 1, Francesco C. Billari 1,2

1. Bocconi University

2. Carlo F. Dondena Centre for Research on Social Dynamics and Public Policy

Abstract

The trends of queries made on online search platforms are increasingly being used as an

estimator by researchers in economics and social sciences. Following the assumption that

trends of online queries may indicate intentions and help to predict human behaviour, this

study addresses the general issue of analysing, nowcasting and predicting migrant decisions

and aims to shed light to this issue through an analysis of Google searches in the case of

Syrian refugees’ mobility in Turkey. In that respect, the paper exploits the difference in the

alphabet used by Turkish and Syrian citizens as the method of differentiation between locals

and Syrian refugees. The paper then examines the relationship between Google search queries

for province names in Turkey and the number of Syrians under the temporary protection (TP)

status across provinces. Aiming to contribute to the literature forecasting and nowcasting

using digital data, we conduct an empirical analysis for the relationship between Google

search frequency and Syrian citizens’ settlement and re-settlement behaviour across provinces

in Turkey for the period January 2016 – December 2019. Our analysis suggests that there is

a positive and significant association between the Google search frequency index for province

names and the number of Syrians under temporary protection in the relevant province.

About a decade ago, social scientists began to consider online generated data as a new source

for data and the analyses and interpretation of the digital footprints of individuals acquired grow-

ing interest. Online generated data came to be considered as helpful especially where formal

data, such as official registries, census data or national surveys, is lacking and data collection

is burdensome and limited due to sensitivity and confidentiality issues. Data on refugees often

suffer for both the lack of official registries and data protection. Digital or online generated
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data analysis thus has a potential to contribute to refugee & migration studies. Assuming that

online search queries may indicate intentions and help to predict human behaviour, we address

the issue of nowcasting and forecasting migration decisions and aim to shed light to this issue

through an analysis of online searches in the case of Syrian refugees’ mobility in Turkey. In our

empirical analysis, we exploit the alphabetical difference between the local and refugee popula-

tion as a method of differentiation and observe the association between Google search data and

number of Syrians under temporary protection (hereafter SuTP) across provinces.

This paper consists of the following four sections. The first section “Background” provides

both a brief literature review to demonstrate the conceptual framework of using online generated

data in social sciences and introduces the case of Turkey and SuTP. The second section intro-

duces the data and methodology used in the analysis of this paper. The third section presents

and discusses the results of the empirical analysis. Finally the conclusion part summarizes the

results of the analysis of this paper, together with potential policy implications and possible

venues of future research.

3.1 Background

3.1.1 The Digital Footprints of Population Processes

The concepts of digital data and big data, also referred as online generated data, internet

data or web data, came to the attention of researchers in social sciences in the last decade and

paved the way for a growing literature in various fields of social sciences. Being publicly available

and easy to access, real-time data collection and opportunities to gain insight on hard-to-reach

populations are the main advantages digital data offer. At the same time, digital data also pose

challenges, such as the problem of representativeness due to lack of universal access to internet

and smartphones (Cesare et al., 2018). In response to the challenge of representativeness, the

concepts of online populations and digital divide emerged, addressed by different methodologies

using online data sources such as Twitter (Yildiz et al., 2017) and Facebook (Gil-Clavel and Za-

gheni, 2019). Demography literature witnessed an increase in the use of digital data to analyse

various types of demographic behaviour. Digital data contributed to the study of; human mo-

bility via mobile phone data (Palmer et al., 2013), online dating markets (Bruch and Newman,

2018), assortative mating based on online dating behaviour (Thomas, 2020), and parenthood

via Twitter data (Mencarini et al., 2019). Building on the new opportunities of access to hard-

to-reach populations, mobile phone ownership and usage was found to be associated with the

fertility transition in sub-Saharan Africa (Billari et al., 2020).

Migration also benefited from the increased use of online data in research, as this new source

of data offered new insights where traditional data and official records were not sufficient. The

geo-location information provided by most of social media platforms is used as a proxy to ex-

amine international migration. Thus, social media platforms such as Facebook (Zagheni et al.,
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2017a), Twitter (Hawelka et al., 2014) and LinkedIn (State et al., 2014) became important data

sources to monitor and interpret migration flows.

The main source of digital data in this study, online search trends and query intensity (popu-

larity), attracted the attention of researchers as a possible estimator to predict future tendencies

and events (forecasting) as well as to interpret the present, defined as now-casting. Examples

of such research first emerged in economics and epidemiology. In the field of economics, on-

line search data is first used to estimate certain macroeconomic indicators, such as estimating

unemployment rate by job searches (Ettredge et al., 2005; Askitas and Zimmermann, 2009), pre-

dicting economic activity such as sales in automotive industry and real estate by online search

data (Choi and Varian, 2009) or estimating inflation rate by expected inflation measured by

searches on Google (Guzman, 2011).

In the studies mentioned above, online search data is mostly conceived as an estimator of

future tendencies and statistics, in other words, as a means of forecasting. In contrast, in the

field of epidemiology, online search data is suggested as a measure to predict the present and/or

immediate future. Deriving from the assumption that increased online search frequency for the

early symptoms of contagious diseases indicate a risk of an outbreak, epidemiological research

used online search data to now-cast infectious disease outbreaks such as influenza (Ginsberg

et al., 2009), chickenpox (Pelat et al., 2009) and salmonella (Brownstein et al., 2009).

Online search data also contributed to the research in demography. Demographic literature

provided evidence for an association between internet search patterns and; abortions (Reis and

Brownstein, 2010), fertility (Billari et al., 2016), top causes of mortality in the US (Ricketts and

Silva, 2017), suicides & self-injuries in the US (McCarthy, 2010), in Italy (Solano et al., 2016),

in Korea (Song et al., 2014) and in Taiwan (Chang et al., 2015).

Regarding the topic of this research, tracking migration through Google Trends data, three

studies should be mentioned. In order of increasing relevance, the first is by Lin, Cranshaw

and Counts (2019), examining the domestic migration flows through search queries made on

Bing.com. The study demonstrates a consistent and high correlation between the domestic mi-

gration predictions obtained through the analysis of search queries with demographic controls

and official domestic migration records. This study is important as it successfully shows the

migration demand and potential changes in this demand by analysing internet search frequen-

cies, which can provide a leverage for urban policy-makers for better planning in destination

cities/states. The second study is by Wladyka (2013), in which he uses Google search data

as a predictor of migration flows from Argentina, Colombia and Peru to Spain. Similar to

the approach of this research, Wladyka (2013) considers queries related to migration to Spain

as an indicator of intention for resettlement as well as a forecast measure for migration and

compares the search frequency with official migration records in Spain. His assumptions rely

on the Benson-Rea and Rawlinson framework for migration, consisting of five stages; 1) pre-
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migration, 2) information-search and migration decision, 3) migration and arrival, 4) post-arrival

and early settlement and 5) settlement outcome (migrate elsewhere, successful settlement and

return home) (Benson-Rea and Rawlinson, 2003, p. 66). The third research, that in fact inspired

this study, is published by Pew Research Center and examines the relationship between queries

made on Google by Syrian refugees and their movements from Syria to their destination country.

In this study, Connor (2017) exploits the language differences between Syrians (speaking Arabic)

and the countries on their route to the destination country in 2015 up until the EU-Turkey Deal

comes into effect in 2016. The analysis shows that there is a significant association between the

increase in the Googles search intensity for the names of the countries en route to the destination

country (Germany) in Arabic and the increase in the number of Syrian asylum seekers recorded

in these countries.

This study is inspired by Connor’s (2017) analysis on the case of Syrian refugees, which

shows a sharp decrease in queries made with the intention to migrate to the EU following the

introduction of EU-Turkey Deal in 2016. Moving from the end point of Connor’s analysis regard-

ing Turkey and changing his strategy to use differences in language to differences in alphabet,

we aim to analyse whether a similar pattern exists for the settlement decisions of SuTP inside

Turkey.

3.1.2 Syrians under Temporary Protection in Turkey

The breakout of civil war in Syria occurred in 2011 and the situation escalated, with the

consequent refugee influx into Mediterranean countries in 2014-2015. Since 2011, Turkey applied

an open-door policy to Syrian refugees. As the urgency of the crisis became evident, the Turkish

government accepted to become a part of Syrian Regional Response Plan (SRRP) in cooperation

with the UNCHR (Kirişci and Ferris, 2015) and signed the controversial readmission agreement

with the EU (known as the EU-Turkey Deal) in 2015. The EU-Turkey Deal imposed Turkey to

intercept refugees who wish to enter the EU borders through Turkey as well as strengthen its

capabilities to register, accommodate and facilitate Syrian refugees, while it conditioned the EU

to accept one Syrian refugee to be resettled in the EU for each Syrian refugee being returned to

Turkey by the EU (known as the one-to-one rule). The EU-Turkey Deal is important for this

research as it marks the starting point of the period analysed in this research, as the provincial-

level data became publicly available after this date.

Understanding the settlement patterns of SuTP is important in the case of Turkey. Once

the biometric registration of Syrian refugees after their arrival to the country is complete, they

hold the status of temporary protection (hereafter TP), a status created to address the Syrian

refugee crisis exclusively (Regulation, 2014). Less than 5% of the SuTP in Turkey live in camp

environments, while the remaining majority lives in urban areas, seeking jobs. Although un-

registered Syrian refugees certainly exist, the TP status enables access to free healthcare and

education as well as other forms assistance by both national and international initiatives. The
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access to public services and assistance is only valid in the province of registration, therefore

obtaining and maintaining the TP status is considerably beneficial. SuTP outside the camps

are allowed move to different provinces, provided that they obtain a travel permit that can be

issued for various reasons such as work, family visit, healthcare and education by the Provincial

Directorate of Migration Management (PDMM). After they move to the new province they need

to register at that province in order to continue to benefit from the rights and privileges of TP

status. By the end of December 2019, the total number of Syrian refugees under the status

of temporary protection is 3,576,370. The figures 3.1 and 3.2 below show the change in the

distribution of Syrian refugees across provinces by depicting the situation at the beginning of

2016 and at the end of 2019 respectively, using (Ministry of Interior) Directorate General of

Migration Management data.

Figure 3.1: Distribution of Syrians under Temporary Protection across Provinces in Turkey,

2016
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Figure 3.2: Distribution of Syrians under Temporary Protection across Provinces in Turkey,

2019

3.2 Data and Methods

3.2.1 Data

The period analysed in this study begins with the enactment of the EU-Turkey Deal in Jan-

uary 2016, when detailed statistics on Syrian refugees under temporary protection started to be

published and regularly updated, and ends on December 31, 2019.

The empirical analysis in this study seeks to shed light to the any association between the

official number of registered SuTP across provinces in Turkey (81 provinces in total) and internet

search frequency for the names of in Turkey. The source of the data on the number of SuTP is

the (Ministry of Interior) Directorate General of Migration Management1 (hereafter DGMM),

the public body responsible for the collection and publication of information on international

migration. In line with the requirements of the EU-Turkey Deal, SuTP are registered at provin-

cial level and the data is publicly available since January 15, 20162. While the DGMM publishes

weekly data on the registered SuTP by province, with each weekly update the preceding data

disappears on the webpage. In order to obtain the data that was lost for public access on DGMM

website, we first used the government channels3 and requested the data on all updates for the

three-year period of this study via the Directorate of Communications4. However, the response

1Original name of the institution is (İçişleri Bakanlığı) Göç İdaresi Genel Müdürlüğü
2Data on Syrian refugees under temporary protection was available only at country level before that date.
3Based on the rights recognized by the Law on the Right to Information (n. 4982) regulating requests for data

& information from public institutions.
4Original name of the institution is Presidency of the Republic of Turkey, Directorate of Communications
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to this request only included annual data, the number of SuTP across provinces at the end of

2016, 2017 and 2018. Needing an alternative method to obtain official data from the DGMM

website in order to piece it together with the weekly data we managed to save in time and

build a data set, we used the Internet Archive and its tool Wayback Machine. The Wayback

Machine captures and archives webpages through web crawls, to save and retrieve the data lost

for public access (Arora et al., 2016). Furthermore, we scanned the online news outlets (national

and local) as well as the database of the National Thesis Center5 as the distribution of SuTP

across provinces is occasionally provided as descriptive statistics in theses and dissertations6 on

SuTP. Eventually we were able to build a data set of 122 weeks spanning from January 2016 to

December 2019. The majority of our data for the number of SuTP was obtained through our

own weekly downloads on DGMM website and via Wayback Machine.

The source of the internet search frequency for the names of Turkish provinces is Google

Trends. Google Trends provides normalized data for the online search frequency of selected

queries, rather than the sheer online search volume of the said queries. According to the guide-

lines provided by Google, Google Trends data is computed by dividing each data point by the

total searches in the specified location and time range to compare relative popularity and the

resulting numbers are then scaled on a range of 0 to 100 (Google, 2020). The weekly Google

Trends data corresponds to the average of daily search frequencies in a week and is reported

for each Sunday. In our study, the specified query index is the names of provinces in Turkey, in

Arabic and Turkish letters7. The selected time period begins with November 15, 2015 and ends

with December 31, 2019. The data for 2015 is used as the lagged search frequency and was not

matched with the registry data of SuTP. Furthermore, for controls, we used Google Trends data

for the same time period and query index in Syria, both in Arabic and Turkish letters as well

as the international spelling of province names without special characters8 in both Turkey and

Syria.

Using the sources above, we created a unique panel data set covering four years, which in-

cludes 216 weeks’ Google search data in six categories (Arabic letters in Turkey, Turkish letters

in Turkey, English letters in Turkey, Arabic letters in Syria, Turkish letters in Syria and English

letters in Syria) and 122 updates for the official number of SuTP in 81 provinces. On this data set

we first calculated the main explanatory variable as the ratio of search frequencies for province

names in Arabic letters over Turkish letters in Turkey ( search frequency in Arabic lettersit
search frequency in Turkish lettersit

), vari-

able referred as the search frequency ratio, hereafter SFR. The reason for the use of SFR instead

of separate search frequency scores for Arabic and Turkish spelling, is to absorb the effects of

(Cumhurbaşkanlığı İletişim Merkezi, CİMER)
5Full name; Council of Higher Education National Thesis Center (Yüksek Öğretim Kurumu Ulusal Tez Merkezi)

accessible online via https://tez.yok.gov.tr/UlusalTezMerkezi/giris.jsp
6We included these descriptive statistics charts in our data sample only if they properly cited the same DGMM

webpage source and only if the week of the update is specified.
7Turkish letters refers to Latin alphabet with the special characters in Turkish language (ç, ğ, ı, ö, ş, ü).
8The international spelling refers to the use of English language characters instead of special characters (c, g,

i, o, s, u respectively).

https://tez.yok.gov.tr/UlusalTezMerkezi/giris.jsp
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potential seasonal popularity of provinces. As the SFR variable refers to the searches made

in the same week of the update in the official registries for SuTP9, this variable is considered

to account for nowcasting estimations in our model. To account for forecasting, we calculated

the 6 lagged variables with one-week intervals and for both the SFR variable and the search

frequencies for controls over the period of 216 weeks. Once all the search frequency variables

were set, we matched the dates of 122 updates of SuTP registry data with the date of search

frequency variables by week. We then dropped the weeks that we could not match with the

data on SuTP and this way we ensured that time-lags are not lost or mismatched due to the

shrinking sample size.

3.2.2 Methods

The main aim of this study is to assess the relationship between online search frequency and

mobility of SuTP across provinces in Turkey, considering the internet search behaviour as a sign

of interest and intention to move. We seek to understand how Google search data can be used to

nowcast and forecast in this case study, thus to analyse the relationship between simultaneous

and lagged online searches and the observed mobility of SuTP. Deriving from these aims and

assumptions, we define our hypotheses as (H1 ) online search data frequency is associated with

the change in the number of SuTP in a given province and (H2 ) timing of the online search

frequency plays a role to observe the association between online search behaviour and observed

mobility. To test these hypotheses, we use our unique panel data set and a fixed effects model,

considering the advantages of fixed effects model to absorb the effect of features that vary at

province-level and time-level and allow a better interpretation of the explanatory variables used

in this analysis. Thus, the baseline model is as follows;

ln(NumberSuTP )i[tj] = β1
search frequency in Arabic lettersi[tj]

search frequency in Turkish lettersi[tj]
+ αi + ei[tj] (3.1)

In the specification above, the dependent variable is the natural logarithm of the number of

SuTP in province i, at time tj, and the explanatory variable is the search frequency ratio (SFR)

at time tj. We denote the time of the variable as tj, where j indicates the week of Google Trends

data and t is the week in the registry data of SuTP. Thus the time denotation of tj refers to any

week, for which Google search frequency and registry data of SuTP were matched (122 in total).

The province-level fixed effects are denoted by αi. The search query ratio refers to Google search

frequency in Arabic letters for province i, at time t over Google search frequency in Turkish

letters for province i, at time t, in Turkey. Note that the aim of using SFR is to control for

potential local and seasonal effects; i.e. exceptional events at a certain time that may increase

the interest in one province for both Turkish and Arabic speakers. Using the ratio allows us to

observe the effect when search queries in one language changes more than the other.

9The official statistics of SuTP are published on weekdays whereas Google Trends reports weekly data for

Sundays. Therefore the two sources of data are matched by week and not by day.
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Next, in order to observe the predictive power of time-lags, that is the difference between the

time of the Google search and the time refugee-mobility appearing on official data, we expand

our model and add the lagged variables. While tj refers to the week for which the number of

SuTP is matched with the same week of Google search query data, we denote the lagged variables

as tj-1, tj-4 and tj-6. In our data, each lag refers to a one-week interval and we introduce three

lagged variables to the model; one-week, one-month and six-week lags. Following the addition

of lagged variables, our model becomes as follows;

ln(NumberSuTP )i[tj] =β1
search frequency in Arabic lettersi[tj]

search frequency in Turkish lettersi[tj]
+

β2
search frequency in Arabic lettersi[tj-1]

search frequency in Turkish lettersi[tj-1]
+

β3
search frequency in Arabic lettersi[tj-4]

search frequency in Turkish lettersi[tj-4]
+

β4
search frequency in Arabic lettersi[tj-6]

search frequency in Turkish lettersi[tj-6]
+ αi + ei[tj]

(3.2)

Using online generated data as an explanatory variable raises questions about selection bias

as the sample population is restricted to the portion of the population with internet access and

high internet usage. To address this issue of selection bias, Zagheni and Weber (2015) propose

to correct the estimates by internet penetration rate. This solution is problematic in the specific

case of this study as the internet penetration rate in Turkey, where overall 83.8% of households

have internet access (Institute, 2018), may not be representative for the SuTP. Thus, in order

to avoid introducing a further bias, rate of internet access is not added to the model. Regarding

the internet access rates of Syrians in Turkey, we rely on the assumption of high smart phone

and internet usage for being considered as a crucial need by refugees (The GSM Association,

2017; Ulutürk et al., 2019) and on the survey demonstrating that 78% of the Syrians in Turkey

own a smart phone and 36% consider internet/social media as the primary source of information

(Sunata, 2017), while acknowledging the possibility of selection bias.

3.3 Results

The association between the online search frequency for province names in Turkey and num-

ber of SuTP across provinces are shown in Table 3.1. In all cases, robust standard errors are

clustered at province level.
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Table 3.1: Summary of results

(1) (2) (3) (4)

ln(#SuTP) ln(#SuTP) ln(#SuTP) ln(#SuTP)

Arabic/Turkish SFR tj 0.0928*** 0.0673*** 0.0245** 0.00241

(0.0236) (0.0151) (0.0111) (0.0200)

Arabic/Turkish SFR tj−1 0.0607*** 0.0206* 0.0194*

(0.0164) (0.0109) (0.0110)

Arabic/Turkish SFR tj−4 0.0658*** 0.0231** 0.0231**

(0.0137) (0.0104) (0.0103)

Arabic/Turkish SFR tj−6 0.0749*** 0.0261** 0.0256**

(0.0166) (0.0127) (0.0126)

ln(Population) 6.406*** 6.286***

(1.207) (1.194)

No SF in Turkish Letters (SY) -0.0587***

(0.0191)

No SF in Arabic Letters (SY) -0.00495

(0.0142)

No SF in Arabic Letters (TR) -0.0363

(0.0345)

Constant 8.168*** 8.108*** -76.71*** -75.04***

(0.00813) (0.0196) (16.00) (15.81)

Observations 9,882 9,882 9,882 9,882

R-squared (within) 0.014 0.041 0.207 0.211

Overall R-squared 0.0881 0.182 0.563 0.564

Number of Provinces 81 81 81 81

FE YES YES YES YES

Robust standard errors in parentheses ***

p<0.01, ** p<0.05, * p<0.1
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In the table 3.1, the dependent variable is the natural logarithm of the number of SuTP

in each province. In the first column, the explanatory variable is the Arabic/Turkish SFR for

searches made on the same week as the date of the SuTP registry (denoted as tj ) along with

province-level fixed effects. In the second column one-week, one-month and six-week lags for

the Arabic/Turkish SFR in Turkey are added to the equation, as indicated in Model 2 above.

In the third and fourth columns controls are included to the regression equation; province-level

population and dummy variables for the overall absence of online search frequency for province

i at time t. for as controls respectively. As observed in the first two columns, the simultaneous

SFR variable becomes insignificant with the addition of control variables and the analysis shows

no support for a correlation between simultaneous online SF and SuTP registry. However, the

analysis supports our H1 and H2 and confirms that there is an association between the number

of SuTP in a province and the online SF for the name of the same province as well as the

timing of the online SF matters. All three lagged SFR variables are observed to be statistically

significant and positively correlated with the number of SuTP in the relevant provinces. We

also observe that the less recent the lagged SFR variable is, the stronger is the correlation. The

results suggest that an increase by one in the one-week prior SFR is correlated with a 1.9%

increase in the number of SuTP. The association becomes stronger when the time gap increases,

as one-month and six-week time lags are associated with 2.6% and 2.9% increase in the num-

ber of SuTP respectively. An increase of 2-3% in the number of SuTP in a given province in

correlation with an increase by one in SFR should, however be considered carefully. As can be

seen in Appendix (3.5), Table 3.2, the overall range of the SFR variable is 0 to 7.08 while the

overall mean is 0.35. Therefore, an increase by one is an unlikely event and it is more likely that

the association between the SFR and number of SuTP in a province occurs in much smaller

amounts. Controls for the absence of SF is only significant for the absence of SF in Turkish

letters in Syria. The lack of SF in Turkish letters in Syria is correlated with a 5.9% decrease

in the number of SuTP. The result is intuitive as online searches for the provinces of another

country using a foreign alphabet and special characters would be the most clear sign of interest.

To control for the strength of our results, we implemented a series of robustness checks. First

we replicated the model using a random-effects approach, results of which are presented in com-

parison with the fixed-effects results in the Appendix (3.5) under Table 3.3. The random-effects

model corroborates the results of the fixed-effects approach, as the simultaneous SFR variable

is insignificant while a change by one in all lagged SFR variables account for a more than 3%

increase in the number of SuTP in a province. While the results are in line with the fixed-effects

model, we opt for the fixed-effects approach based on the results of the Hausman test. Then,

we replace the SFR variable with SF in Arabic letters and SF in Turkish letters as two separate

variables, both to test our approach of using search frequency ratio as the explanatory variable

and to disentangle their relationship with the dependent variable of number of SuTP. The results

are reported in the Appendix (3.5) under Table 3.4. The results show that similar to the results

of our initial models with controls, the simultaneous online SF variable is neither for the SF in

Turkish letters nor for the SF in Arabic letters significant. All lagged versions of SF in Arabic
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letters are significant and positively correlated with the number of SuTP. One-month lag appears

insignificant for SF in Turkish letters, but both one-week and six-week lags are positively and

significantly associated with the dependent variable.

Next, we replicated the model using the same queries and time period for the online SF

variable, changing the online search location from Turkey to Syria. As the online search fre-

quencies for Turkish province names in Syria includes considerable amount of zero values, we

used the SF in Arabic letters and SF in Turkish letters variables separately instead of calculating

SFR variables. The results shown in the Appendix (3.5), in Table 3.5 demonstrate that online

searches for Turkish province names in Turkish letters is a sign of intention to move to that

province. An increase by one in all three lagged SF in Turkish letters variables are correlated

with around 9% increase in the number of SuTP in a given province in Turkey. As the online

search location is Syria, we must bear in mind that the online search may be conducted not

by the Syrian citizens who are about to move to the said province in Turkey but instead the

relatives of SuTP in Turkey who are planning to that province as well.

Last, we replaced the SF in Turkish letters with SF in English letters, i.e. removed the

Turkish special characters from the online search query and repeated the analysis. The results

for Turkey and Syria as the location of online searches are reported in the Appendix (3.5),

in tables 3.6 and 3.7 respectively. Comparing the results in Table 3.6 with the initial results,

one can see that the two are quite similar. A possible explanation for this may be that Google

algorithm is sensitive to the spelling of search queries with and without Turkish special characters

in Turkey. Considering that Google Trends data is produced on a different and representative

sample of all searches at every request, controlling for no Turkish characters and obtaining

similar results also serves as a control for the same data taken from a different sample. Use of

English characters, however, creates a difference for the analysis in Syria and the association

with the number of SuTP becomes stronger (Table 3.7).

3.4 Conclusion

This paper aims to shed some light into the relationship between online search intensity

and people’s mobility from one place to another, by examining the case of SuTP in Turkey.

Assuming that Syrians would seek information online in a foreign country they are not famil-

iar with and building on the previous research indicating high smart phone & internet usage

by Syrian refugees (Ulutürk et al., 2019); we tested this potential relationship between Google

Trends data for province names in Turkey and number of SuTP across provinces over a period of

four years. The results demonstrate that there is a positive and significant association between

the online search frequency for province names in Turkey and number of SuTP in the same

provinces. However, this association is observed not for the same week as the SuTP statistics

are published, but for one week, one month and six weeks prior. The association is observed

stronger for the SFR with a six weeks lag in respect to the week the statistics are published,
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followed by the one month lag. This result is coherent with the time needed for preparation

before travel and necessary bureaucratic steps. The online search frequency for Turkish province

names in Syria using Latin letters, both with and without Turkish special characters, is also

positively and significantly correlated with the number of SuTP across provinces, supporting

the results found for Turkey as the online search location. The association is robust accord-

ing to the all checks and controls applied and even though small in size, it corroborates with

the pattern of small but significant correlation found in previous studies (Choi and Varian, 2009).

These results suggests that in the case of SuTP in Turkey, the online search patterns indicate

an intention to move but the behaviour resulting out of this intention may be observed in the

official registries after a one month to six weeks interval. In other words, the results of this study

suggests that forecasting the number of SuTP in provinces is possible, based on the association

observed with the online search data patterns. As we cannot find a significant relationship

between the online search frequency for province names and number of SuTP across provinces

for the week the statistics are updated, nowcasting cannot be used as a method to the observe

a change in SuTP statistics. However, as we find a significant relationship between SFR and

SuTP statistics with a time lag, it is plausible to argue that nowcasting can be a method to

identify the mobility decisions, in this case, of Syrians in Turkey.

Although the findings of this study suggest a significant and positive correlation between

search frequency for province names and the number of SuTP across provinces, policy implica-

tions of these findings are harder to pin down. Based on the positive and significant association

this study proposes, future research may look for further correlations considering an interaction

between the search queries made for the name of provinces, search queries made for standard

phrases such as looking for jobs or apartments for rent in Arabic and in Turkish, in Syria and in

Turkey and the geolocation of these searches (available at sub-regional level on Google Trends,

that is province level for Turkey). Such studies based on the effect of interactions may exploit

the difference of both the alphabet and language. Furthermore, the exploitation of the difference

in alphabet can also be implemented in other non-Arabic speaking and refugee hosting coun-

tries, to both compare the results and obtain better insight on Syrian refugees mobility patterns.

Correlations between such search queries and actual number of SuTP, if proven, may help policy-

makers at urban level to prepare for incoming refugees as well as national and international level

policy-makers to better plan the social assistance programs.
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3.5 Appendix - Chapter 3

Table 3.2: Descriptive statistics

Variable Mean St. Dev. Min Max Observations

SF overall 57.08 16.38 8 100 N = 9,882

Turkish let. between 13.93 14.34 79.62 n = 81

in Turkey within 8.75 33.95 139.37 T = 122

SF overall 7.46 18.59 0 100 N = 9,882

Turkish let. between 7.80 0 37.96 n = 81

in Syria within 16.90 -30.50 105.40 T = 122

SF overall 55.25 16.76 7 100 N = 9,882

English let. between 14.20 14.12 80.21 n = 81

in Turkey within 9.04 28.514 137.26 T = 122

SF overall 8.26 19.08 0 100 N = 9,882

English let. between 10.07 0 35.25 n = 81

in Syria within 16.25 -26.99 105.21 T = 122

SF overall 19.74 22.57 0 100 N = 9,882

Arabic letters between 10.94 0 47.64 n = 81

in Turkey within 19.78 -17.05 115.63 T = 122

SF overall 6.70 16.48 0 100 N = 9,882

Arabic letters between 11.10 0 47.10 n = 81

in Syria within 12.25 -37.12 105.88 T = 122

overall 41,032.93 100,257.60 14 564,189 N = 9,882

#SuTP between 100,148.70 34.17 511,092 n = 81

within 12,026.84 -112,834.10 116,794.60 T = 122

overall 8.20 2.40 2.64 13.24 N = 9,882

ln(#SuTP) between 2.39 3.49 13.14 n = 81

within 0.31 6.18 9.66 T = 122
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Table 3.2 Descriptive Statistics cont.

Variable Mean St. Dev. Min Max Observations

overall 13.25 0.95 11.27 16.53 N = 9,882

ln(Population) between 0.96 11.33 16.52 n = 81

within 0.02 13.16 13.36 T = 122

overall 0.35 0.45 0 7.08 N = 9,882

SFR between 0.20 0 1.11 n = 81

within 0.41 -0.53 6.97 T = 122

overall 0.34 0.46 0 7.08 N = 9,882

SFRtj-1 between 0.20 0 1.08 n = 81

within 0.42 -0.37 6.94 T = 122

overall 0.34 0.45 0 7.08 N = 9,882

SFRtj-4 between 0.19 0 1.08 n = 81

within 0.41 -0.32 6.92 T = 122

overall 0.34 0.43 0 7.08 N = 9,882

SFRtj-6 between 0.20 0 1.07 n = 81

within 0.39 -0.35 6.97 T = 122
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Abstract

The literature on migration argues that certain factors and conditions generate a migra-

tion momentum. Structural factors such as labour demand, migration networks as well as

sudden discontinuities such as wars, famines, epidemics, technological transformations and

policy change are, in that line, reasons for a change in migration flows. Migration policies

address these factors by introducing regulations and opportunities to attract the labour force

and highly skilled individuals, to meet the countries’ requirements. The United Kingdom’s

decision to exit from the European Union (EU) (hereafter Brexit) in 2016 constitutes a

political discontinuity, and whether Brexit will be a blip in history without long-term con-

sequences or alter the migration trends, especially those of high-skilled people, is a highly

debated question. This study assesses the initial effects of Brexit on the mobility of scholars,

as a subgroup of high-skilled migrants, to and from the United Kingdom (UK). We use an

exhaustive database of the affiliation addresses of researchers from all Scopus-indexed publi-

cations over the past two decades. These data enable us to assess changes in the international

migration of researchers before and after the Brexit referendum. Although it is too early

to talk about a brain drain following the Brexit, considering that Brexit came into effect in

2020, our scholars began to change after 2016. Among the UK-resident scholars, the odds of

leaving the UK after Brexit is 35% higher if their academic origin (country of first publica-

tion) is an EU country, as opposed to the 21% lower odds of leaving the UK observed for the

same group of scholars without the Brexit condition. Furthermore, the odds of returning to
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the UK is 18% higher for scholars with UK academic origin after Brexit, in stark contrast

to the pre-Brexit situation, increasing their share among overall incoming researchers. Our

analysis of Scopus data points to a compositional change in terms of academic origin, as the

first impact of Brexit on UK academic environment.

4.1 Introduction

International circulation of scholars is fundamental to foster scientific knowledge, especially

in its most innovative forms (Agrawal et al., 2014; Fernández-Zubieta et al., 2016). For instance,

nearly half of the world’s most cited physicists reside outside their country of birth (Hunter et al.,

2009). The international mobility of scientists is therefore a special case of high-skilled migra-

tion which rightly commands attention from researchers and policy-makers alike (Czaika, 2018).

For these reasons, it is paramount to understand the dynamics of in- and out-flows of scholars

between countries, and the underlying determinants of the international mobility of scientists.

Within the international migration literature, academic migration that has been studied in

the framework of the brain drain and brain gain relationship, can be aptly framed through the

concept of brain circulation (Saxenian, 2005). While many reasons influence the decisions of

scholars to move (Azoulay et al., 2017), a key determinant is the policy environment. More

specifically, policy changes may substantially affect the decisions of scientists to migrate inter-

nationally (Arrieta et al., 2017; Scellato et al., 2015; Franzoni et al., 2015) and in turn impact

the scientific and technological development of the countries involved (Mahroum, 2005; Moser

et al., 2014).

The UK decided to withdraw from the EU as a result of the Referendum held on June 23rd,

2016, and Brexit became official on January 31st, 2020. Despite the long-lasting fears about

losing scientists to other countries (Irvine et al., 1985; Martin et al., 1987; Martin, 1994), the UK

is one of the leading nations in scientific research in the world. In 2019, the UK had the highest

share in the globally top 10% of high-quality scientific papers among G20 countries (Adams et al.,

2019). As a (now former) member of the EU, the UK possessed a competitive advantage, due to

its scientific performance, in terms of benefiting from research funding provided by the EU. The

UK has benefited from the EU also in terms of human capital; the share of European nationals

among overall British academic staff was estimated as 16% and among the technology industry

in London as 20% by 2018 (Main, 2018). The ties British science and technology has established

with the EU are the reason why the scientists fear from a backlash due to Brexit (Golding, 2017).

This study aims to analyse brain circulation patterns in the UK, and, in particular, the

potential effects of the decision to withdraw from the EU, Brexit. The contributions of this

study are twofold. First, we contribute to the high-skilled migration literature by providing

timely evidence for the changing circulation patterns of highly productive researchers in the

UK academic environment by re-purposing bibliometric data using machine learning methods.

Second, we shed light to the discussions on how Brexit would affect the scientific environment
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in the UK, by introducing decrease in diversity in terms of academic background as a potential

result of Brexit in contrast to an immediate brain drain.

4.2 Literature Review

4.2.1 High-skilled Migration

Skill level of migrants is long considered as an important aspect of migration, as migrants

with different skill levels are often influenced by different push and pull effects, have different

implications on the economy and development of both source and destination countries and

require different policies. In that respect, high-skilled migration refers to the migration pro-

cesses where the migrants have specialized formal education and/or advanced qualifications,

such as scientists, doctors, entrepreneurs etc (Nathan, 2014). High-skilled migration vastly ad-

dressed in the literature both with a macro perspective, investigating its implications (Regets,

2001; Ouaked, 2002; Chiswick, 2005; Leipziger, 2008) and policy requirements in source and

destination countries (Czaika and Parsons, 2017; Hercog and Sandoz, 2018), and with a micro

perspective examining the decision-making processes of high-skilled migrants (Sbalchiero and

Tuzzi, 2017).

High-skilled migration has initially been considered in the context of developing and devel-

oped countries, in terms of the brain drain from the former and brain gain of the latter. The

common perspective in this approach is that the flow of high-skilled migrants from developing

countries to the developed countries creates a continuous negative effect for the developing coun-

tries due to the loss of the human capital (Bhagwati and Hamada, 1974; Miyagiwa, 1991; Haque

and Kim, 1995).

More recently, empirical studies addressed the brain drain - brain gain dichotomy critically

and examined the potential benefits of high-skilled emigrants for developing countries (Nathan,

2014). We can name four four ways, where emigration of high-skilled citizens can have positive

outcomes for the source country as examples. The first is the benefit of remittances for the

economy of the developing countries, which is argued to be higher in the case of high-skilled,

higher educated migrants as earn higher income in comparison to the low-skilled labour mi-

grants (Bollard et al., 2011). Studies also show that host countries’ immigration policies may

influence the potential upper-hand of high-skilled migrants in terms of remittances positively

or negatively (Docquier et al., 2012). Second, in as demonstrated in the influential studies, the

migration expectation may create incentives for an higher investment in education in developing

countries and an overall increase for human capital (Stark et al., 1998; Beine et al., 2001). Third,

high-skilled migrants living in developed countries could contribute to the development of their

home countries through positive network externalities, their connections, transfer of resources &

knowledge as well as diaspora networks (Docquier and Rapoport, 2012). The case of high-skilled

migrants’ diaspora structures and development in Colombia is a prominent example of this the-
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ory (Meyer et al., 1997). Last but not least, the returning high-skilled migrants may bring their

knowledge and connections to foster economic and technological development at home (Chacko,

2007).

Using the case of the Silicon Valley in the U.S. and China & India, Saxenian ()saxe-

nian2005brain theorizes that the high-skilled migrants’ connections to the low-cost home country

labour market as well as the returning high-skilled migrants foster the specialization of advanced

technologies in developing countries. As this pattern becomes more common in high-technology

fields, it replaces the brain drain-brain gain dichotomy with the concept of brain circulation,

where the mobility and migration of high-skilled people work and benefit both ways (Saxenian,

2005). In a similar understanding of constant movement and mutual benefit, the concept of

brain circulation is used also for the high-skilled migration between developed countries, espe-

cially in the context of European Union, owing to the lack of mobility restriction among member

countries (Ouaked, 2002). Considering the policy intervention this chapter uses as a case study

is the United Kingdom’s withdrawal from the European Union and bearing in mind the close

ties that the United Kingdom has with Commonwealth countries and other English-speaking

countries, we use the concept of brain circulation to analyse the scientific migration to and from

the United Kingdom.

4.2.2 The United Kingdom as a Brain Circulation Hub

The notion of brain circulation has been present in scientific debate within the UK for a long

time. In fact, the term brain drain has been coined in this very context. During the early-1960s

the Royal Society published a report on the increase in emigration of scientists and engineers

from the UK to the USA or Canada, referring this situation as “a drain of scientists and drain

of talent” (Oldfield et al., 1963). The drain of scientists and talent out of the UK was later

defined as brain drain (Johnson, 1965).

Concerns about the brain drain have lessened during the 1970s, as both the British pol-

icymakers started to consider brain drain as an inevitable part of globalization, and the US

became less appealing for scientists due to the Vietnam War (Godwin et al., 2009). However, in

the 1980s, fears of a decline in British science reappeared among academics. The performance

of British science in STEM fields, measured by the share of publications and citations in the

world, has been observed to decrease by %10 and %15 respectively between 1973-1982, while

the sharpest decline occurred in Physics, Engineering, and Technology fields with over %20

(Irvine et al., 1985, p.588). In reaction to these concerns, the initiative Save British Science was

launched in 1986, calling for the government to take action and support research as “opportu-

nities are missed, scientists emigrate and whole areas of research is in jeopardy” (Noble, 2016).

During the early 1990s, research showed that the scientific performance of Britain grew in some

areas, but overall the relative decline was persisting (Martin, 1994).

Although the general impression about the performance of British science has been a rather
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pessimistic one since the early 1960s, one should refrain from over-emphasising the lack of scien-

tific investment and scientists’ emigration as the underlying reason. It should be noted that the

apparent decline in scientific performance is also partly due to the increased ability of scientists

worldwide to publish in English language, which mitigated the native English-speaker bias to a

certain degree. Furthermore, starting from late 1960, the emigration of scientists from the UK

to the US and Canada has been compensated by the immigration of scientists from developing

countries (and/or Commonwealth countries) to the UK (Anonymous, 1967/04; Watanabe, 1969;

Godwin et al., 2009).

Hence, despite the concerns about a decline in scientific performance, the UK has continued

to be one of the top countries in science. According to Campaign for Science and Engineering

(CaSE), the advocacy group and successor of the Save British Science initiative, the UK is a

science super-power that has substantially benefited from European Union’s research funding

(Main, 2018). Recent figures show that the UK has received a total of 8.8 billion Euros for

R&D and innovation between 2007-2013 (Frenk et al., 2015) (7th Framework Program and

Structural Funds) and a further 6.43 billion Euros between 2014-2020 (Horizon 2020) (European

Commission, 2020). The UK has benefited from the EU also in terms of human capital; the

share of European nationals among British academic staff was estimated as %16 and among

the technology industry in London as %20 by 2018 (Main, 2018). The ties British science and

technology has established with the European Union (EU) are the reason why the scientists fear

from a backlash due to Brexit (Golding, 2017).

4.2.3 Big Bibliometric Data and Scientific Migration

The early use of bibliometric data, limited in terms of the volume of data used, focused more

on using citation count as the unit of measure to assess scientific impact, scientific progress

(Martin and Irvine, 1983), and institutional research performance (Moed et al., 1985). The

assessment of scientific performance through bibliometric data influenced not only scholars but

also policy-makers during the 1990s, especially under the New Public Management framework

(Mingers and Leydesdorff, 2015). Over the past decades, the volume of data used for bibliomet-

ric analyses has expanded in time, and beyond the country- or institutional-level, creating what

one could term big bibliometric data. As the literature on measuring scientific performance

using bibliometric data continued to grow (Sugimoto and Larivière, 2018), big bibliometric data

paved a new ground of study for migration research (Alburez-Gutierrez et al., 2019).

Migration studies using bibliometric data rely on the information on movements of re-

searchers. Following the network-based approach in high-skilled migration (Meyer, 2001) and

scientific migration (Ackers, 2005), the use of bibliometric data to study researchers’ migration

and mobility started to receive some attention (Laudel, 2003). The feasibility of the method

in examining the scientific migration and mobility patterns was demonstrated first in the cases

of a selection of countries (Moed et al., 2013; Moed and Halevi, 2014). More recently the lit-

erature on scientific migration using bibliometric data started to grow with studies addressing
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co-affiliation and collaboration networks (Sugimoto et al., 2016; Aref et al., 2018), identification

of migration and mobility events (Robinson-Garćıa et al., 2019) and mobility patterns of highly

mobile researchers (Aref et al., 2019).

The use of bibliometric data also presented a tool to study certain demographic character-

istics of researchers. Gender disparities and their influence on scientific performance (Larivière

et al., 2013), academic age of researchers (Nane et al., 2017), and the impact of academic age

on international mobility (Sugimoto et al., 2017) are known as the prominent studies in that area.

4.3 Data and Methods

The data we use in this study is obtained from Scopus, a database containing detailed

meta-data on scientific publications indexed by Elsevier’s abstract and citation database. The

database includes detailed meta-data for each publication, that includes key information for the

purposes of this study such as; individual author ID, publication year, and affiliation country

per publication and author ID, and All Science Journal Classification (ASJC) code for field per

publication venue. To obtain the raw bibliometric data, we query an extract of all Scopus data

from a relational database using SQL. The query involves two steps: (1) obtaining author IDs

of all authors who match the criteria relevant to this study, and (2) obtaining all authorship

records for the list of author IDs produced in the previous step. We have two selection criteria

for any researcher to be included in our study: (1) to have more than one country of affiliation

in their academic career (international mobility), and (2) to have at least one publication with a

UK affiliation. The raw data is then pre-processed to be used in empirical analyses, which most

importantly address the challenges of missing values for the country variable and author name

ambiguity.

We build on previous research on bibliometric data to define academic migration. In what

follows, the country of academic origin is defined as the country of first publication. The aca-

demic origin is not considered as a proxy for the nationality of a scholar, but as their origin in an

academic sense. The country of academic origin is therefore the one that has invested in their

academic development, regardless of the nationality of the scholar (Robinson-Garćıa et al., 2016,

2019; Aref et al., 2019; Subbotin and Aref, 2020). Similarly, academic age is measured using

the year of the first publication. Academic migration across countries is defined as a change in

the country of affiliation in different years for a given scholar. The number of these changes are

used to estimate academic migration flows.

We focus on yearly migratory movements rather than on short-term mobility for two rea-

sons. First, the literature on migration helps us to understand these flows through concepts

such as high-skilled migration, elite migration, and brain-drain (Laudel, 2005). Second, con-

sidering the frequency of short-term international moves in academia, the academic migration
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argument allows us to differentiate cross-country movements from long-lasting migratory moves,

and therefore examine the effect of country-specific policies that have a potential impact on a

country’s productivity. Furthermore, we acknowledge the presence of short-term cross-country

mobility for scientific collaborations in the academia, and therefore apply a mobility taxonomy

to identify migration events and distinguish them from cross-country affiliations.

In contrast to the mobility taxonomy proposed in (Robinson-Garćıa et al., 2019) this study

considers the modal (the most frequent) country of affiliation for each year among all authorship

records of an author as an input to determine residence. Migration events are therefore defined

a changes of residence. The logic behind this approach is to reduce the false positive error that

arise in considering small changes in affiliation as migratory behaviour. Note that, sometimes,

changes in affiliation could be due to other reasons such as the requirements of a foreign funding

body, while no geographical mobility is taking place.

More precisely, we define a migration event when two requirements are satisfied: (1) a new

country appears as the modal country of affiliation of a scholar and (2) the previous modal

country of affiliation disappears as a mode (or from the list of modes in case of multiple modes).

In the rare cases when a researcher’s academic career, as observed in Scopus database, begins

with multiple mode countries of affiliations in the first year of publication, we randomly assign

the researcher’s residence to one of the countries that appears as the mode. This way, we ensure

that the researchers’ careers begin with a single country, and avoid possible bias through ran-

domization. In other cases, where a researcher has multiple mode country affiliations in a year,

we apply a taxonomy which is outlined in Table 4.1 below.

The data we use in this study is obtained from Scopus, a database containing detailed

meta-data on scientific publications indexed by Elsevier’s abstract and citation database. The

database includes detailed meta-data for each publication but the key information we obtain

by querying the database are shown in Table 4.3 in the Appendix–Chapter 4, with a brief de-

scription on what they indicate for the purposes of this study. Publication venues (journals,

conference proceedings, etc.) are tagged based on All Science Journal Classification (hereafter

ASJC) codes into four general categories: life sciences, social sciences, physical sciences, and

health sciences.

Last, we create a gender indicator, inferred by the first names of researchers using gender-

izeR package on R (Wais, 2006). The use of gender estimation algorithms in big bibliometric

data analysis is relatively new and as the initial development of such algorithms had marketing

purposes, Asian and African names are underrepresented in the base data their machine learning

process relies on. Therefore, for our analysis on gender, we use three categories: female, male,

and other such that the last category contains all authorship records which do not belong to

any of the first two categories.
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Table 4.1: Five examples of affiliation series and the observed migration events in our model

Affiliation series Modal countries of affiliation Outcome in our model

Year t1 Year t2 Year t3

E1 C1 C1 C2 No migration is observed with the

data for t1 and t2 because the

mode country of affiliation has not

changed between those years. A mi-

gration is observed later when the

mode country of affiliation changes

between t2 and t3.

E2 C1 C2 Migration from C1 to C2 is esti-

mated to take place at d t1+t3
2 e; tak-

ing the average is particularly useful

for series of affiliations without any

data points (publications) in some

years.

E3 C1 C1 C2 C1 , C2 No migration because the country

of academic residence, C1, is still

among the mode countries in t2 and

t3.

E4 C1 C1 ,C2 C2 Migration from C1 to C2 is observed

between t2 and t3, therefore the mi-

gration year is recorded as d t2+t3
2 e.

E5 C1 C2 ,C3 A migration is observed between t1

and t2. The new country of aca-

demic residence is determined by a

random selection between C2 and

C3.

4.4 Descriptive Analysis

In order to understand the changing characteristics of brain circulation in the UK, first we

employ a descriptive analysis. We visually explore the dynamic flows of researchers both mov-

ing to and from the UK, by academic origin, before and after Brexit; Figure 4.5 and 4.6 in the

respectively. Then, we illustrate the trends of outgoing and incoming researchers by academic

origin in the UK.
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Figure 4.1: Researchers leaving and entering the UK, breakdown by academic origin, 2005-2019
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In Figure 4.1, we see a declining trend for incoming researchers with the exception of a no-

change observed for researchers with a Chinese academic origin. This decline after Brexit refer-

endum would have important implications for British scientific environment, however, we have

to be careful about jumping to conclusions regarding a decreasing trend, due to right-censoring

in our data. Since not every researcher in our dataset publishes every year, such declines are

observed for any random cut-offs, instead of the last year of available data. Therefore, the inter-

esting trend in Figure 4.1 is not the decline in either incoming or outgoing migration depictions,

but the increase of the trend for the outgoing researchers with an EU academic origin. That

we observe an increase in the number of researchers whose academic origin is an EU country1,

despite the right-censoring and the underestimation of movements in the years close to the end

year in our data (2019), points to the possibility of a Brexit-effect for a certain group of re-

searchers residing in the UK.

Although we use the best possible data available, the nature of our dataset poses a challenge

for empirical analysis due to the lack of observation in the years the authors have not published.

To both avoid over-assuming no mobility in non-publishing years and to tackle this challenge,

we focus on highly productive researchers. Thus, we introduce a third selection criteria, having

at least one publication every year between 2013-2019, i.e. years surrounding the Brexit refer-

endum. We define four academic origin categories as EU countries, USA, UK and other. The

migration trends of highly productive researchers and the percentage shares of each academic

origin category in overall outgoing and incoming researchers in UK are shown in Figure 4.2 and

4.3 respectively.

1The group of EU countries do not include the UK in this classification, neither before nor after Brexit.
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Figure 4.2: Highly productive researchers leaving and entering the UK, by academic origin

(2013-2019)
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Figure 4.3: Share of academic origin in total highly productive researchers leaving and entering

the UK (2013-2019)
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Figures 4.2 and 4.3 depict the in- and out-migration patterns of highly productive researchers,

i.e. researchers who have at least one publication every year between 2013-2019. As right-

censoring is not an issue because we can observe the location and the change thereof for each

researcher, for each year, interpretation of increases and decreases in migration trends are more

accurate. We observe that the number of outgoing researchers whose academic origin is the UK

(shown with the blue line) is in a decreasing trend, while there is an increase in the number of

researchers with a UK academic origin, who return to the UK. In contrast, researchers with an

EU academic origin are observed to increasingly leave the UK and are moving to the UK in less

numbers. Same trends are observed, when their overall shares among incoming and outgoing

researchers are taken into account.

4.5 Empirical Analysis

Considering the subset of data on highly productive researchers as more consistent, we orga-

nize this subset as panel data to use in the empirical analysis. Thus, to quantify the change in

brain circulation patterns in the UK after Brexit, we employ a random effects logistic regression

model using the panel data of highly productive researchers, consisting of 40.315 researchers and

the years 2013-2019. The selection of the random effects model over fixed effects model relies on

the intention to observe the effects of time-invariant characteristics, with academic origin being

one of the main explanatory variables. We focus on the association of academic origin and years

after Brexit referendum with the likelihood of leaving the UK, based on the model specifications

below.

MovesOuti,t = ln(P/1− P )i,t = α+ β1Brexit ∗Origini,t+

β2Xi,t + wi + τt + εi,t (4.1)

MovesIni,t = ln(P/1− P )i,t = α+ β1Brexit ∗Origini,t+

β2Xi,t + wi + τt + εi,t (4.2)

In the random effects logistic regression equation above, dependent variables MovesOut and

MovesIn represent the binary variables equal to 1, when in a given year t, the researcher i

leaves the UK and moves to the UK respectively. The main explanatory variables are denoted

by the interaction term Brexit∗Origin, while control variables are indicated by X. The variable

Brexit is a binary variable equal to 1 for years 2016-2019. Control variables include academic

age, calculated by taking the year of first publication as academic birth, and dummy variables

for having higher than average publication and citation count, scientific field (according to ASJC

classification) and inferred gender.
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The results of the random effects model stated in equations 4.1 and 4.2 are presented in Table

4.2 below. The plot of odds ratios depicting the association and significance of our variables of

interest are further presented in Figure 4.4.

Table 4.2: Results of the random effects model

Moving out of the UK Moving into the UK

VARIABLES logit coefficient odds ratio logit coefficient odds ratio

Brexit 0.324*** 1.382*** 0.268*** 1.307***

(0.0450) (0.0621) (0.0411) (0.0537)

Origin: UK 0.270*** 1.310*** -0.907*** 0.404***

(0.0375) (0.0491) (0.0409) (0.0165)

Origin: EU -0.236*** 0.790*** 0.189*** 1.208***

(0.0436) (0.0344) (0.0332) (0.0401)

Origin: US 0.0147 1.015 0.181*** 1.199***

(0.0598) (0.0606) (0.0475) (0.0569)

Brexit # Origin: UK -0.349*** 0.706*** 0.168*** 1.183***

(0.0533) (0.0376) (0.0574) (0.0679)

Brexit # Origin: EU 0.298*** 1.347*** -0.0811 0.922

(0.0584) (0.0787) (0.0511) (0.0471)

Brexit # Origin: US 0.0574 1.059 -0.117 0.889

(0.0811) (0.0859) (0.0725) (0.0645)

Constant -1.903*** 0.149*** -1.662*** 0.190***

(0.108) (0.0162) (0.100) (0.0190)

Controls YES YES YES YES

Observations 282,205 282,205 282,205 282,205

Number of researchers 40,315 40,315 40,315 40,315
Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

In the random effects logit model highly productive researchers, whose academic origin is a

country other than the US, UK or EU country, i.e. grouped as other country, are considered

the baseline. The outcomes for the researchers with US, UK or EU country academic origins

are reported relative to the baseline group. The results shown in Table 4.2 indicate a change

in the mobility patterns for researchers whose academic origin is the UK or and EU country,

following the Brexit referendum in 2016. Having an EU country as academic origin alone has a

negative and statistically significant correlation with the chances of moving out of the UK, while

the opposite is observed for the UK academic origin. However, when academic origin variable

is interacted with the dummy variable of Brexit, taking the value of 1 after 2016, the chances

of moving out is observed as reversed. In the post-Brexit context, having an EU country as
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an academic origin significantly increases the chances of moving out and the direction of the

relationship turns from negative to positive with 55% increase in the odds of moving out. The

association between chances of leaving the UK and having UK as the academic origin is also

reversed in the post-Brexit context in comparison to the overall patterns and highly productive

researchers with UK origin are observed as significantly less likely o leave the UK after Brexit.

Furthermore, in terms of the chances of moving to the UK, we observe a contrast between

general patterns and post-Brexit context for the UK academic origin. While highly productive

researchers with UK academic origin are significantly less likely to return to UK in general, we

observe that they become significantly more likely to move to the UK after Brexit.

Brexit=1

UK origin

EU origin

US origin

Brexit=1 # UK origin

Brexit=1 # EU origin

Brexit=1 # US origin

0 .5 1 1.5

Outgoing Researchers Incoming Researchers

Odds Ratios Plot, Interactions by Brexit and Academic Origin

Figure 4.4: The odds ratios of leaving the UK for the highly productive researchers, by academic

origin, between 2013-2019.

The odds ratio plot in Figure 4.4 illustrates the results reported in Table 4.2. In the figure,

highly productive researchers moving out of the UK are shown in blue and highly productive

researchers moving to the UK are shown in orange colours. The reversal of the migration patterns

after Brexit referendum for the out-migration of highly productive researchers with UK and EU

academic origins as well as the in-migration of highly productive researchers with UK academic

origin are clearer in the plot. The figure also shows that the change in post-Brexit context is

insignificant for highly productive researchers with US academic origin.
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4.6 Conclusion

This study seeks to uncover the early influence of Brexit on British academia, using biblio-

metric data. The descriptive analysis of the bibliometric data suggests that, if the post-Brexit

trends continue as it is, Brexit may trigger a change in the composition of the British scientific

environment. The international mobility trends for highly productive researchers, defined as

researchers with at least one publication per year between 2013-2019, demonstrate a stark con-

trast between pre- and post-Brexit periods, for researchers with UK or EU academic origin. In

Figure 4.2 the number of highly productive outgoing researchers with EU academic origin show

an increase following the Brexit referendum, while the number of highly productive incoming

researchers with EU academic origin show a decline. The Figure 4.3 depicts the same picture for

the shares of outgoing and incoming highly productive researchers by academic origin. Here, the

change after Brexit referendum is the most clear for the incoming highly productive researchers,

as the share of those with EU academic origin decrease while those with UK academic origin

increase.

The empirical analysis we employ in the second part of the study corroborates with the de-

scriptive analysis and confirms the statistical significance of the change also observed in descrip-

tive analysis. The results of the random effects logistic regressions to assess the out-migration

and in-migration patterns of highly productive researchers between 2013-2019 are presented in

Table 4.2. As seen in Table 4.2, the odds of moving to the UK after Brexit is 18% higher for

highly productive researchers with a UK academic origin in comparison to the baseline group

of highly productive researchers with other academic origin. Without the condition for the

move to occur after Brexit, the odds of moving to the UK is 60% lower for the highly productive

researchers with a UK academic origin than the odds of moving to the UK for the baseline group.

Last, we demonstrate the odds ratios in Figure 4.4, where the interaction of post-Brexit move

year and academic origin can be observed to reverse the international mobility patterns based on

academic origin. Highly productive researchers with UK academic origin are significantly more

likely to move to the UK and stay in the UK after Brexit, in stark contrast to their pre-Brexit

migration patterns. Similarly, the plot shows that while highly productive researchers with EU

academic origin are significantly less unlikely to leave the UK in general, when the interaction

with post-Brexit years are taken into account, highly productive researchers with EU academic

origin become significantly more likely to leave the UK.

The descriptive and empirical analyses in this chapter suggest that the scientific migration

patterns in the UK is likely to be affected by the decision to withdraw from the European Union.

However, the analyses do not indicate an overall escape of researchers from the UK after the

Brexit, at least in the initial years after the referendum. Instead, our results imply that the

change in the British scientific environment that followed the Brexit is more of a compositional

change by academic origin. The results our analyses imply that highly productive researchers

whose academic origin is an EU country are significantly more likely to leave the UK in stark
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contrast to their overall out-migration behaviour. In turn, highly productive researchers with

UK academic origin become significantly less likely to leave the UK and more likely to return

to the UK in the first years after the Brexit referendum, reversing their general migration

patterns. The results indicate overall that the EU scientific institutions may benefit from the

highly productive researchers leaving the UK. While in the initial years after Brexit, surrounded

by uncertainty about the future of scientific funding, we do not observe a total outflow of highly

productive researchers from the UK, the recent propensity of highly productive researchers with

UK to leave the UK less and return to UK if abroad, bears the risk of reducing the scientific

and institutional diversity in British scientific environment. Further research is needed to revisit

these results a few years later to understand whether the changed migration behaviour by highly

productive researchers with EU and UK academic origin will be long-lasting and, if so, to develop

appropriate policy responses.
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4.7 Appendix-Chapter 4

Table 4.3: Details of bibliometric data and what they indicate for scholarly migration

Scopus database Indicator

Author-ID Individual researcher

Country affiliation per publication,

per Author-ID

Academic location

Country affiliation of the 1st publi-

cation per Author-ID

Country of academic origin

Publication year per publication per

Author-ID

Year denoted by tn

Publication year of the 1st publica-

tion per Author-ID

Academic birth year

Number of publications Quantity-based measure of productivity

Mode of fields of publication venues

for all publications per Author-ID

Main discipline of a researcher
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Figure 4.5: Migration flows and the patterns of scholarly migration, between 2013-2015.

Migration flows and the overall patterns of scholarly migration in the three years prior to the Brexit

referendum: EU having the largest flows to and from the UK followed by US, Commonwealth, and all

other countries in a decreasing order. Edges represent the migration flows in 2013-2015. Direction of

the edges are clock-wise. Colors of the edges are based on the origin node.

Figure 4.6: Migration flows and the patterns of scholarly migration, between 2016-2018

In the three years after the Brexit referendum, the flows have mostly decreased, except for the flow from

the UK to EU (which has remained the same) and the flows between the UK and other countries (which

have increase in both directions). Edges represent the changes in migration flows of 2016-2018 respective

to 2013-2015. Direction of the edges are clock-wise. Colors of the edges are based on the origin node.
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Chapter 5

Conclusion

This dissertation aims to contribute to the use of computational methods and digital data

in social sciences, in specific demography and migration studies. The essays in this dissertation

provides case studies for two different types of migration, forced migration & refugees in the

Chapters 2 and 3, and the high-skilled migration in Chapter 4. Chapters 2 and 3 use Turkey and

the Syrian citizens under temporary protection as the case study, while Chapter 4 focuses on an

entirely different context, the British scientific environment, before and after Brexit. Chapters 2

and 3 employ quantitative analyses to understand the patterns of migration flows and concludes

with a discussion of potential policy options. Chapter 4, in turn, departs from the introduction

of a specific policy (the decision of the United Kingdom to leave the European Union) that has

the potential to directly or indirectly influence high-skilled migration, and analyzes the early

implications. In all these three chapters, digital data obtained by computational methods are

used to different extents, along with the visualisation methods. The use of digital data, together

with the volume of data being used intensify with each essay.

Chapter 2 provides a visual interpretation of the internal migration patterns in Turkey as

well as the settlement patterns of Syrians under temporary protection in Turkey. The illustra-

tion of internal migration patterns in Turkey with a circular understanding, both contributes to

the literature on circular visualization of migration and revisits the overall concept of circularity

in migration patterns; i.e. enables to consider the migration currents with their counter-currents

(Lee, 1966; Saxenian, 2005). Furthermore, the chapter questions whether replacement migration

can provide a solution for sustainable refugee migration policy in Turkey. Using an empirical

analysis, Chapter 2 finds that there is a negative and significant association between the migra-

tion patterns of locals and Syrians. It further shows that the Syrians in Turkey choose to settle

in provinces where they have either cultural & linguistic ties or job opportunities. Last, but not

least, the chapter offers a contribution to the social science studies on Turkey in terms of the

use of native language data. By showing that there is a significant change in the first and last

available data on native tongues in Turkey, the essay suggests that use of 1927 data, before the

relative establishment of union in language, may be more useful than the use of 1965 data.
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Chapter 3 of the dissertation also focuses on the case of Syrians under temporary protection

in Turkey however, it seeks to understand the mobility of Syrians under temporary protection

inside Turkey, using Google Trends data as proxy. In data collection, the second chapter also

makes use of innovative approaches as Wayback Machine and WebCite. The results of Chapter

3 demonstrates that there is a positive and significant association between the Google searches

made for province names using Arabic letters and the refugee stock of provinces. The associa-

tion is significant, if the search has been made one-month and six-weeks prior to the observation

of respective change in official statistics. This result is also coherent with the time needed for

preparation before travel and necessary bureaucratic steps. The findings of this chapter con-

tributes to the literature on forecasting and in specific the literature using Google Trends data

as an indicator. Furthermore, the findings show that forecasting the movements of Syrians uTP

to different provinces, and migrants in general, is possible using this method, which may help

local and national governments in developing policies for migration management.

Chapter 4 of this dissertation focuses on the international mobility of scientists as a case of

high-skilled migration. Using the UK scientific environment as the context and Brexit as the

potential policy effect, the chapter seeks to reveal the initial influence of Brexit on researchers’

migration using a big data approach with bibliometric data. The findings of the chapter show

that among the UK-resident scholars, the odds of leaving the UK after Brexit is 35% higher if the

academic origin is an EU country, while the odds are 21% lower for the same group of scholars

without the Brexit condition. Furthermore, the odds of returning to the UK is 18% higher for

scholars with UK academic origin after Brexit, in contrast to their pre-Brexit migration patterns.

The findings of the Chapter 4 also contributes to the literature on brain circulation (Saxenian,

2005) and corroborates with the literature that high-skilled migrants are affected by potential

incentives for migration in different ways. In this case, the policy of Brexit does not seem to

initiate a brain drain out of the UK but a compositional change in British academic environment.

While this change may create issues due to lack of diversity, it is a different outcome than the

brain drain and requires different policies to be addressed.
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Nicolás Robinson-Garćıa, Cassidy R. Sugimoto, Dakota Murray, Alfredo Yegros-Yegros, Vincent

Larivière, and Rodrigo Costas. The many faces of mobility: Using bibliometric data to measure

the movement of scientists. Journal of Informetrics, 13(1):50–63, 2019. doi: 10.1016/j.joi.

2018.11.002.

Albert Ali Salah, Alex Pentland, Bruno Lepri, Emmanuel Letouzé, Patrick Vinck, Yves-
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