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Abstract
Among the multiple effects of Brexit, changes in migration and mobility across Europe 
were expected. Several studies have analysed these aspects, mostly from the point of 
view of perceptions, motivations, economic effects, scenarios, and changes in migra-
tion from Central and Eastern European countries. In this study we propose an analy-
sis of migration and cross-border mobility using an integrated data-driven approach. We 
investigate official statistics from Eurostat, together with non-traditional data, to give a 
more complete view of the changes after Brexit, at EU and regional level. Specifically, 
we employ scientific publication and Crunchbase data to study highly-skilled migration, 
Twitter and Air Passenger data to investigate monthly trends. While main trends are pre-
served across datasets, with a general decrease in migration towards the UK immediately 
after the referendum approval, we are able to also observe more fine grained trends spe-
cific to some data or regions. Furthermore, we relate the changes in mobility observed 
from Air Passenger data with attention to Brexit from Google Trends data.

Keywords Human migration · Human mobility · Brexit · Eurostat · Air passenger 
data · Twitter data · Scientific publications · Crunchbase · Google Trends

Introduction

International mobility includes various mobility types, such as short-term travelling 
for work or tourism, medium-term or seasonal migration, and long-term migration. 
Mobility is determined by a plethora of socio-economic, political, environmental, 
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health and individual factors, and the relationship between them has been long stud-
ied  [23]. In particular, changes in the geopolitical organisation of the world may 
be very disruptive for mobility in general and migration in particular. In this work 
we investigate, using a data-driven approach with multiple data sources, the effects 
of Brexit on mobility between the United Kingdom (UK) and the European Union 
(EU27).

The UK formally withdrew from the European Union (EU) on the 31st of Janu-
ary 2020. On the 23rd of June 2016, the UK held a referendum on its membership in 
the European Union. The UK citizens voted to leave the EU by 52%–48%.1 Starting 
from the referendum results, the UK Government formally notified the European 
Council of the decision to trigger Article 502 of the Lisbon Treaty on the 29th of 
March 2017. This date signs the actual start of the Brexit process,3 when a two-
year countdown began to the formal leaving of the UK from the EU. Several draft 
agreements were reached and rejected afterwards, with deadlines being postponed 
several times (from the 29th of March 2019 to the 30th of June 2019, then to the 
31st of October 2019) until the 31st of January 2020. At 11 pm on the 31st of Janu-
ary 2020, the UK left the EU, entering a transition period. The transition ended at 11 
pm on the 31st of December 2020 when the United Kingdom also left the EU single 
market.

In the months before the referendum and then afterwards until the actual exit 
from the EU, there has been increased media attention on the process, both in the 
UK and Europe. Despite immigration being central to the politics of Brexit, the pre-
referendum discussion was dominated by its economic consequences [38, 39]. Since 
the referendum, immigration has become a less salient political issue, and public 
attitudes toward immigration seem to have become more positive  [38]. However, 
migration flows from the EU fell sharply, attracting more attention to its economic 
implications. After the expansion of the EU (2004, 2007, and 2011), the movement 
of people between the UK and EU countries grew notably. When the referendum 
took place in June 2016, net migration to the UK achieved a record. Since the first 
months after the referendum, post-Brexit scenarios involving economic implications 
and labour migration have been speculated. These discussions concern the uncer-
tainty and vulnerability that both the transition period and the after-Brexit period 
caused to foreign workers in the UK and to UK citizens residing in the EU Member 
States [4]. Studies have been produced in an attempt to analyze and forecast many 
possible outcomes from different perspectives, from political and legal to economic 
and social. Less than a year from the referendum,  [43] already stated that inflows of 
foreign researchers and academics in the UK would have suffered from the implica-
tion of Brexit, and even earlier [50] was assuming lower levels of immigration and 
higher levels of emigration in the country due to a post-Brexit economic decline of 

1 https:// eur- lex. europa. eu/ conte nt/ news/ Brexit- UK- withd rawal- from- the- eu. html.
2 Article 50 is the only legal mechanism for a member state of the European Union (EU) to leave the 
Union. The article describes the steps a member state must go through to withdraw from its obligations 
(Source: https:// commo nslib rary. parli ament. uk/ resea rch- briefi ngs/ cbp- 7960/).
3 Note that the referendum is legally non-binding for the purposes of Article 50.

https://eur-lex.europa.eu/content/news/Brexit-UK-withdrawal-from-the-eu.html
https://commonslibrary.parliament.uk/research-briefings/cbp-7960/
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the UK. More recent studies have focused their attention on the consequences of 
Brexit on highly-skilled migration [10, 29, 47] and on the significant fall of migra-
tion inflows and outflows in the UK after June 2016 [38].

This paper contributes to the analysis of the effects of Brexit by studying mobil-
ity between the UK and EU27 in the last decades. The objective is to obtain a global 
view of mobility trends—from different viewpoints—and to understand whether and 
how Brexit has affected mobility. The analysis is based on several datasets covering 
different types of mobility and demographic groups for an integrated quantitative 
image. The first data type that we investigate is migration flows from the Eurostat 
database. These give official information on long-term migration, on a yearly basis, 
and are traditional data used in migration research  [45]. The second type of data 
is scientific publication data. This is a novel means of studying migration, concen-
trating on migrant scientists, and is based on the career trajectory as viewed from 
the publication record. Scientific migration flows give indications on the migration 
trends of highly-skilled migrants, providing insights into the brain drain/gain/circu-
lation phenomena [45]. The third type of data we employ is Twitter data. Mobility 
analysis on Twitter is based on geo-location of user tweets and can provide real-
time information on mobility trends  [11, 26]. We use yearly flows on Twitter to 
observe migration trends. The fourth dataset consists of air passenger data, provid-
ing monthly and yearly passenger flows between countries. In these data, we can 
observe long-term, short-term, and seasonal migration  [21]. Monthly aggregation 
reduces the effect of short traveling trips, while yearly aggregation reduces the 
effects of seasonal and short-term migration. As the fifth and final dataset, we ana-
lyze the highly-skilled migration from the Crunchbase platform.4

For each dataset, we calculate two mobility indicators. The first one, the Flow 
Log Ratio, shows the ratio between the number of people moving into the UK and 
the number of people moving out of the UK and gives a point-wise indication of the 
balance between the two flows. The second one, the Cumulative Flow Log Ratio, 
indicates the balance between the total number of incoming and outgoing people in 
the period analyzed.

Further, to better explore the components of our mobility indicator, we perform 
the time-series decomposition of the FLR values calculated from air passengers 
data. We investigate the pattern of the main trend over time, linking it to attention to 
Brexit using linear regression and Google Trends data.

Background and literature review

The study of migration has historically relied on data and statistics from national 
and super-national institutions and international organizations. In this context, so-
called “traditional” gaps in international migration data have persisted over time 
[1]. These have been recently identified and classified into five categories, includ-
ing (i) definitions and measurements, (ii) drivers or reasons behind migration, (iii) 

4 Crunchbase, https:// www. crunc hbase. com/.

https://www.crunchbase.com/
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geographic coverage of the data, (iv) gaps in demographic characteristics and (v) the 
time lag in the availability of data [1]. The spatial coverage of data typically varies 
based on countries’ development, with some leading countries collecting high-qual-
ity data and developing countries being less documented, if at all, undocumented. 
Similar to coverage, the timeliness of data varies across statistics and countries. The 
time lag in the data can vary from 2 to 20 years, significantly affecting the timeliness 
and actuality of the research.

Considerable efforts have been made to conceptualize, identify and bridge the 
gaps within and between traditional data and sources [1, 7, 45]. Efforts have led to 
improvements to some extent but to understand international mobility and migra-
tion patterns, develop scenarios, and design effective policies more accurate, reli-
able, and timely data are needed [1]. Nowadays, innovative data sources offer new 
opportunities to investigate mobility and migratory phenomena from new perspec-
tives. Non-traditional data (also called innovative data) comes from individuals’ 
digital footprints and sensor-enabled objects and includes social media and internet 
services data [20, 46, 52, 53], Call Detail Records (CDR) [42], air traffic [23], pur-
chase transactions and money transfers [3]. We are at the moment when traditional 
and innovative data are jointly exploited in order to fully understand the complex 
and multifaceted nature of the migratory phenomenon and of mobility. Innovative 
data is most extensively used to fill in the gaps in traditional statistics and add new 
aspects typically overlooked/not captured by traditional data, such as social connec-
tions. The literature has shown that innovative data has great potential that some-
times overcomes measurement errors in survey data  [34]. Specifically, innovative 
data typically show greater spatial and temporal coverage and granularity and are 
available—almost—in real time [34, 45]. However, similarly to the traditional con-
text, innovative resources vary in terms of coverage and type of information, and 
pose some critical issues, including selection bias, and privacy and ethics [34, 42, 
45].

In this study, we integrate traditional statistics (from Eurostat) and innovative 
data, including Twitter, scholarly data, Crunchbase data, and air traffic data, to inves-
tigate whether and how Brexit affects mobility and migration. We introduce two 
indicators based on log flow ratios, that allow us to eliminate short-term trips and 
observe the general trend in longer-term mobility. The use of flow ratios instead of 
net migration has the advantage that trends can be compared across different coun-
tries since the effect of the size of the country is removed when computing ratios. 
We study both monthly and yearly indicators, concentrating on a specific case study: 
Brexit and its effects on mobility to and from the UK. Also, this study employs time-
series decomposition to extract the main trend from the flow ratios allowing us to 
observe the evolution of mobility between countries and geographical areas, captur-
ing how it is affected by changes, including socio-political ones, such as Brexit.

Investigating Brexit

Given its political, economic, and social importance, multiple fields of study have inves-
tigated the Brexit phenomenon and its possible consequences. A review of scientific 
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publications focusing on the dynamics between Brexit and migration was published 
by  [5]. According to this work, over three-quarters of the articles are based on original 
empirical data. Qualitative research methods, mainly interviews, prevail [5, 30]. Only a 
small number of articles propose quantitative research methods, and these are primar-
ily based on surveys. Even fewer are the mixed methods (qualitative and quantitative). 
Almost all of the papers reviewed concern the UK exclusively—even with a further 
national or sub-national focus—and sometimes in combination with other EU or non-
EU countries. Qualitative studies mainly discuss the reactions, perceptions, and experi-
ences of EU nationals migrants living in the UK to the leave outcome [5, 24, 30, 49]. 
Moreover, studies discuss possible scenarios of UK migration policies after exiting the 
EU and the impact on the British and European economies [24, 39, 44]. Most of the 
studies focusing on EU migrants in the UK consider specific groups, such as citizens of 
Central and Eastern European countries, with particular attention to Polish and Bulgar-
ian  [5, 24, 30, 49].

Many researchers proposed both qualitative and quantitative studies assessing 
the “costs-of-non-Europe”  [9, 32]. In terms of output or income, most studies high-
light considerable economic costs from Brexit, with decreases ranging (in most cases) 
between -1% and -10% [8, 9, 38]. The analysis proposed in [48] focused on the varia-
tions in migration flows pre and post-Brexit 2016 referendum. Statistics show that EU 
immigration fell substantially after the Brexit referendum, while in the period before 
the referendum (2013–15), the UK saw an increase in the migration of EU citizens. The 
decline in migration to the EU in the post-referendum period mainly affected migrants 
from the new EU Member States, such as Poland.

This paper investigates whether and how Brexit has affected mobility trends between 
the UK and Europe in the last decades. As opposed to existing works, the study con-
siders various types of mobility and demographic groups from official and innovative 
data i.e., Eurostat database, scientific publication, Twitter data, air passenger data, and 
Crunchbase data. Furthermore, we study the link between the attention to Brexit and 
migration topics from Google Search, and the mobility flows observed.

Mobility indicators

In this work, we are interested in studying the balance between incoming and outgoing 
mobility in the UK, and we employ two indicators: the Flow Log Ratio FLR and the 
Cumulative Flow Log Ratio CFLR.

The Flow Log Ratio is defined as the logarithm of the ratio between the number of 
incoming individuals (e.g., entering the UK) divided by the number of outgoing indi-
viduals (e.g., leaving the UK). Specifically, for a certain country or set of countries of 
destination C, and over a specified period of time, t, we consider the incoming flow 
F
C→UK

(t) and the outgoing flow F
UK→C

(t) . The Flow Log Ratio FLR(t) is then defined 
as

(1)FLR(t) = log2
F
C→UK

(t)

F
UK→C

(t)
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A FLR below 0 indicates that more individuals moved out of the UK compared to 
those who moved in, while a value above 0 shows that the UK is an attractive coun-
try with more people coming in. A FLR of 1 means the incoming flows are twice as 
large as outgoing flows, while an FLR of -1 means the outgoing flow are twice less. 
The FLR is an indicator that allows us to study the trends point by point in time, and 
observe point-wise changes in trends. We are, however, also interested in a more 
general analysis over the entire period of interest. Therefore, we employ a second 
indicator, the Cumulative Flow Log Ratio, CFLR. This is defined as the logarithm of 
the ratio between the cumulative incoming flows and cumulative outgoing flows up 
to the current time window t:

This second indicator allows us to understand long-term trends: whether the number 
of individuals moving into the UK is overall larger than those moving away, and 
what is the balance over recent years. Short point-wise changes in trend may not be 
significant at this level. However, a long-term change becomes very clear.

We study the two indicators at the European Union level and for European Union 
sub-regions, aggregating the flows among the countries in those regions. We use 
the division of EU member states into regions proposed by the EuroVoc vocabu-
lary5: Northern (Finland, Denmark, Sweden, Estonia, Latvia, Lithuania), Southern 
(Greece, Italy, Malta, Portugal, Cyprus, Spain), Western (France, Germany, Ire-
land, Luxembourg, Netherlands, Austria, Belgium), Central and Eastern (Hungary, 
Poland, Romania, Bulgaria, Croatia, Slovakia, Czechia, Slovenia).

The time windows that we employ are yearly for all datasets, adding monthly 
analyses for Twitter and air passenger data which are the two cases where we have 
micro-data available.

(2)CFLR(t) = log2

∑

t
i
≤t
F
C→UK

(t
i
)

∑

t
i
≤t
F
UK→C

(t
i
)

Table 1  Mobility datasets employed in this study

Please note that the Brexit referendum was held on the 23rd of June 2016

Dataset Coverage  Flow time resolution Type of mobility

Eurostat 2007–2019 Yearly Long-term migration
Scientific publications 2000-2018 Yearly Highly-skilled migra-

tion
Twitter data 2016–2022 Monthly and yearly Long-term migration
Crunchbase data 2009–2022 Yearly Highly-skilled migra-

tion
Air Passenger data 2011–2021 Monthly and yearly Long-term, short-term, 

seasonal migration

5 https:// eur- lex. europa. eu/ browse/ eurov oc. html? params= 72,7206.

https://eur-lex.europa.eu/browse/eurovoc.html?params=72,7206
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Datasets

This study exploits the potential of both traditional and innovative data from several 
mobility datasets covering different time periods and with different time resolutions 
to obtain a global view of mobility trends and to understand whether and how Brexit 
has affected mobility from different viewpoints. Table  1 summarises the mobility 
data characteristics.

Eurostat data

Eurostat,6 the statistical office of the European Union, provides a wide range of sta-
tistics on migration gathered through national statistical offices and EU-survey, e.g., 
the European Union Labor Force Survey. Among the datasets released by Eurostat,7 
we focus on data derived from Demography and migration,8 which includes immi-
gration and emigration flows, and indicators concerning migration stocks, e.g., for-
eign-born, citizenships, and marriages. Further, regarding migrants, data concerns 
(a) people born in a country different from the country of residence and (b) people 
with citizenship of a country other than the one of residence.

Eurostat data about bilateral migration flows constitute official data from national 
statistics, hence it is usually gathered either from national censuses and surveys or 
from population registries. When census data is not available, some values are pro-
vided by Eurostat as “estimated” or “provisional”, which means computed from 
mathematical and computational models or from other available statistics on total 
births and deaths [16]. We consider these data in our work.

Since our interest lies in inflows and outflows related to the UK, we extract from 
Eurostat:

• Flows by residence from EU27 to the UK (immigration) and return (emigra-
tion) [13, 15].

• Flows of UK citizens moving to the UK (immigration) and leaving the UK (emi-
gration), from data based on citizenship [12, 14].

• Flows of EU27 citizens moving to the UK (immigration) and leaving the UK 
(emigration), from data based on citizenship [12, 14].

The temporal coverage spans from 2007 (or from 2013 in case of residence-based 
flows, when previous years were not available), up to 2019, year after which the UK 
flows were not updated, probably due to Brexit itself .

6 Eurostat: https:// ec. europa. eu/ euros tat.
7 Eurostat provides data on three main areas: Demography and migration, Asylum and managed migra-
tion (Eurostat, 2020: https:// ec. europa. eu/ euros tat/ web/ asylum- and- manag ed- migra tion/ backg round), and 
Migrant integration. (Eurostat, 2020: https:// ec. europa. eu/ euros tat/ web/ migra nt- integ ration/ backg round).
8 Eurostat, 2020: Your key to European Statistics:  https:// ec. europa. eu/ euros tat/ web/ popul ation- demog 
raphy- migra tion- proje ctions/ backg round.

https://ec.europa.eu/eurostat
https://ec.europa.eu/eurostat/web/asylum-and-managed-migration/background
https://ec.europa.eu/eurostat/web/migrant-integration/background
https://ec.europa.eu/eurostat/web/population-demography-migration-projections/background
https://ec.europa.eu/eurostat/web/population-demography-migration-projections/background
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Scientific publication data

Data relating to academic migration flow derives from the Enhanced Microsoft 
Academic Knowledge Graph (EMAKG) dataset [37]. This is an extension of the 
Microsoft Academic Knowledge Graph (MAKG)  [18], a high-coverage dataset of 
publications and related entities, including authors (i.e., academics ) and affiliations. 
Among other data extensions and annotations, EMAKG includes yearly worldwide 
flows of academics For the scope of this study, we consider academics’ country-to-
country yearly flows from 2000 to 20189

Twitter data

We provide real-time mobility trends using Twitter data. Using the Twitter API,10 
we began by extracting all tweets sent from the UK in January 2015. In this period, 
we identified a total of 287,502 users. For all these users, we then downloaded the 
time and geo-location of all their tweets from January 2016 till November 2021. 
In this work, we focus only on the tweets with geo-location, as this is an important 
piece of information in order to observe the movements of the users. Hence, tweets 
without geo-location are ignored. Additionally, as the focus of this study is on the 
UK and European countries, we filtered out the tweets accordingly. We acknowledge 
that our choice of ignoring tweets without geo-location information may introduce 
bias. Selection bias is a known issue with Twitter data, and filtering by geo-loca-
tion can enhance it Kim et al. [25]. However, Twitter has been demonstrated as an 
important data source in mobility studies, especially for early warning or to observe 
events in a timely manner Martín et al. [31], Ahmouda et al. [2]. Considering tweets 
with geo-location is the only means of assigning a location to a tweet with maxi-
mum accuracy. While other data such as Places could be used, these do not neces-
sarily indicate location but also the topic discussed, and automatically distinguishing 
the two cases is not straightforward.11 There are also systems that attempt to predict 
the location of the tweet, but again these do not have 100% accuracy [28, 40]. All 
these considerations have led us to choose geo-located tweets only. This reduces the 
amount of data, however our indicators do not look at in and out volumes but at 
ratios, which may alleviate the problem. We expect that the trends in the ratios we 
observe on the Twitter population that employs geo-location are indicative of the 
actual trend in the general population. This is also demonstrated by the fact that the 
trends match across datasets, therefore supporting the use of Twitter data for this 
application.

With these data, we then calculate the monthly and yearly UK mobility indica-
tors. To be more specific, for each user, we first consider their most visited coun-
try as the usual country of residence for each month. Some users who tweet less 

9 We omit the years 2019 and 2020 because of data incompleteness [19, 37].
10 https:// devel oper. twitt er. com/ en/ docs/ twitt er- api.
11 “Tweets associated with Places are not necessarily issued from that location but could also potentially 
be about that location.” from https:// devel oper. twitt er. com/.

https://developer.twitter.com/en/docs/twitter-api
https://developer.twitter.com/
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or do not have the geo-location active will have missing country of residence for 
some months. We filter out the users that do not have the labels of usual country of 
residence for more than 50 months. This duration was selected to encompass a suffi-
ciently extensive period to observe patterns, changes, and trends related to long-term 
migration behaviours on the platform. Through this choice of 50 months, we mainly 
observe cases where few months are missing in between months, effectively exclud-
ing scenarios characterised by significant lapses in monthly information. For other 
users, if we obtain a month without a residence location, we consider the residence 
to be that of the last month (i.e. we assume the user has not changed location). We 
acknowledge that there could be instances where users may change their location or 
move during the observed time frame. However, by employing this methodology, 
we aim to capture the overall trends and behaviours related to long-term migration 
for each user throughout the entire duration. This approach allows for a nuanced 
exploration of migration patterns over an extended time frame. With this procedure, 
we were able to identify movements of 60,366 users from/to the UK and from/to 
European countries from 2016 to 2021. We aggregate data of these users to compute 
both the monthly and yearly UK mobility indicators as set out in Eqs. 1 and 2 for 
movements between the UK and the four regions of EU member states.

Crunchbase data

Data from Crunchbase12 regarding user and company information was obtained 
through the Crunchbase Academic Research Access Program.13 We employed these 
data to extract highly-skilled migration flows by aggregating users based on their 
estimated nationality and the headquarters of their workplace as the residence. 
Nationality/citizenship is assigned to a user by using the place of education as a 
proxy. For each user we consider the country where he/she has completed the studies 
as the country of nationality. Regarding residence, for each year a user is assigned a 
residence based on the country they worked in in January. Flows are computed from 
2009 to 2022 by counting the users who changed jobs in a specific year, and the new 
and old jobs are in different countries. In this way, a user who changes countries 
more times in a year is counted in all the corresponding flows, which is desirable 
when studying highly-skilled migration.

Air passenger data

We used monthly air passenger traffic volumes from each country of origin and to 
the true final country of destination provided by the Sabre Corporation [41]. This 
dataset describes the total number of passengers flying between two countries, 
regardless of whether the flights are direct or indirect. The dataset covers worldwide 

12 Crunchbase: www. crunc hbase. com.
13 https:// about. crunc hbase. com/ partn ers/ acade mic- resea rch- access/.

http://www.crunchbase.com
https://about.crunchbase.com/partners/academic-research-access/
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air traffic between February 2011 to October 2021. The air traffic indicators com-
puted are available at https:// doi. org/ 10. 7910/ DVN/ AE1PKC.

Mobility trends

For each dataset in Table 1 we extracted UK incoming and outgoing flows and com-
puted the values of the two indicators. In this section, we discuss the values obtained 
for each dataset.

Migration trends from Eurostat data

For Eurostat data, we studied migration flows at the EU level, i.e. the number of 
persons entering the UK from EU27 countries and leaving the UK towards EU27. 
Unfortunately, the data on individual countries had missing values, therefore we 
could not compute the indicators at the regional level as we did with the other 
datasets.

Figure 1 displays the two indicators from 2013 to 2019. We observe both for 
FLR and CFLR a strong inversion in trends starting from 2016. If up to 2015 

Fig. 1  FLR and CFLR calculated from Eurostat flows, taking into account all changes in residence 
regardless of nationality. The vertical line shows the year of the Brexit referendum

Fig. 2  FLR and CFLR for EU27 citizens calculated from Eurostat flows. The vertical line shows the year 
of the Brexit referendum

https://doi.org/10.7910/DVN/AE1PKC
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the UK was a strong attractor of migration in Europe, with immigration more 
than twice as large as emigration, after 2016 the ratio started to drop, reaching 
almost 0 in 2019, therefore incoming and outgoing flows become comparable. 
The cumulative indicator shows that still, until 2019, the overall balance over the 
year 2013-2019 was inclined towards larger immigration (value slightly under 
0.7). However, if the trend continues, it is possible for the emigration of UK resi-
dents to take over in the next years.

In order to get a better understanding of migration trends, we also studied the 
indicators for two sub-populations of migrants. First, we looked at EU27 citizens 
moving in and out of the UK, and computed the FLR and CFLR, as shown in 
Fig. 2. In this case, we were able to obtain data for the period 2007 to 2019. The 
difference from Fig. 1 is that UK citizens and non-EU nationals are not included 
here, hence we can observe the effect on EU citizens only; on the other hand, 
the destination of these citizens is not necessarily towards the rest of the EU, but 
it can be towards any world country. The general pattern observed is the same: 
from 2009 up to 2015 the attractiveness of the UK for EU27 citizens was stead-
ily growing, with more than 3 times more immigrants than emigrants in 2015. 
However, from 2016 the FLR dropped significantly, being below 0.5 in 2019. The 
cumulative ratio is also decreasing, however still almost twice as many EU27 
citizens entered the UK compared to those that exited in the period 2008-2019 
(CFLR slightly below 1 in 2019).

A second sub-population studied is that of UK nationals, for which Fig.  3 
shows the two indicators. We note that the FLR values are below 0, meaning that 
the number of UK emigrants is generally larger than that of UK nationals return-
ing to the UK. The values we observe are fluctuating around −0.7, without a defi-
nite change in trend after 2016. However, by looking at the cumulative trend, we 
see a more clear picture. While in the early years (2007-2008) the number of emi-
grants was much larger than that of returners (more than twice—CFLR under -1), 
in time the difference has been decreasing, with a local peak in 2010. Between 
2010 and 2014 the trend was stable. However, in recent years (2015–2019) the 
ratio started again to increase, albeit slowly, indicating that more and more UK 
nationals are returning to the UK, and less are emigrating. The balance, however, 
is still in favour of emigrants.

Fig. 3  FLR and CFLR for UK citizens calculated from Eurostat flows. The vertical line shows the year of 
the Brexit referendum
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Scientific migration

Another analysis concentrates on migration flows for scientists extracted from pub-
lication data. This allows us to study the mobility of highly-skilled individuals and 
can give indications about the brain circulation phenomenon. Figure  4 (top sub-
plots) shows the value of the two indicators obtained from publication data. The 
EU-level FLR values show values generally above zero indicating that the UK is 
an attractor also for scientific migration, with more scientists moving from EU27 
countries to the UK than the opposite. An increase in this effect is visible in the 
periods 2005–2009 and 2012–2015. From 2016 we observe a plateau and a decrease 
in FLR in 2018. The CFLR confirms that the UK has been steadily gaining scientist 
migrants over the years, with values above zero and increasing up to 2017. In 2018 it 
seems that the values have stabilised.

Fig. 4  Top: FLR and CFLR calculated from scientific flows between UK and EU27 and EU27 regions. 
Bar plots: Incoming and outgoing scientific flows for UK versus EU27, Northern, Southern, Western and 
Central Eastern European countries
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Since we are observing a very specific population, the number of persons 
included in the study is not very high, especially for some EU sub-regions. To 
avoid misinterpretation of FLR and CFLRvalues, we also display the volume of 
the incoming and outgoing flows in Fig. 4 (bar plots). At EU27 level, these show 
how scientific migration to and from the UK has been steadily growing between 
2000 and 2015 from the volume point of view. From 2016 we observe a plateau 
and then an inversion in trend in 2018.

We also study regional data:

• Western Europe follows the same trend as EU27, both in terms of ratios and 
volumes, being in fact responsible for most of the flow volume.

• Southern Europe also follows the general trend, however here changes are 
sharper. We observe an important increase in the years just before 2016, 
especially in terms of emigration towards the UK, with a strong inversion in 
trend in 2017 and 2018, visible both in terms of FLR and volumes. The CFLR 
shows a stable trend for 2017 and 2018.

• Central and Eastern countries show a lot of variability in the FLR, with most 
values greatly above zero and an apparent decrease from 2015 to 2017, and 
again a large value in 2018. However, when we combine this information with 
the flow volumes, we observe that there are rather limited, so the fluctuations 
we see in terms of FLR could be simply noise. We note an important increase 
in volumes (both in and out) from 2008 on (after Romania and Bulgaria have 
joined the EU in 2007) and a decrease or stabilisation of volumes from 2016 
on. The CFLR shows less fluctuation and confirms that the UK has been a 
steady attractor for scientists from central and Easter Europe, with a slight 
inversion in trend after 2015.

• Northern Europe shows a different trend compared to other regions. While 
in the early 2000 s FLR and CFLR values were above zero, showing that the 
UK was an attractor of scientific migration, these have been slowly decreas-
ing after 2006. The FLR stayed below zero almost continuously between 2011 
and 2016, while the CFLR fell below zero in 2014, showing that the number 
of individuals who moved out of the UK since 2000 has overcome those who 
moved into the UK. A slight inversion in trends appears to happen in 2017 and 
2018 for both FLR and CFLR. The volumes follow an increasing trend up to 
2015 and enter a plateau afterwards.

All in all, there are clear indications that around 2016 there was a change in sci-
entific migration between the EU and the UK. While before 2016 volumes of 
migration in both directions were steadily growing, afterwards they started to sta-
bilise or decrease. The FLR indicator shows that up to 2015 the UK was a strong 
attractor of highly-skilled migrants from Europe, especially Southern but also 
Western Europe, and that afterwards the trend started to stabilise and decrease. 
Northern Europe instead seems to display the opposite trend. The CFLR confirms 
these findings also on the longer term.
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Mobility from air passenger data

Using Air Passenger data [41] we estimated the monthly and yearly FLR and CFLR, 
displayed in Fig. 5. For the yearly indicators, we estimated the passenger volumes 
from the beginning of February to the end of January of the next year, to avoid the 
seasonal effects of the Christmas and new year holidays, since our data starts in Feb-
ruary 2011.

It is important to note that, compared to indicators from Eurostat and scien-
tific data, which allowed us to measure migration directly, FLR and CFLR values 
extracted from Air Passenger data are much closer to 0. This is due to the fact that 
Air Passenger data measures overall mobility, and tourism volumes are much higher 
than migration volumes, which explains the low ratios, especially for yearly and 
cumulative indicators. The average UK monthly flow in these data is about 4.5 mil-
lion passengers, both incoming and outgoing, with an average absolute net volume 

Fig. 5  Monthly (top figures) and Yearly (bottom figures) FLR and CFLR from Air Passenger data
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of about 180,000 passengers. Yearly figures are even more pronounced: more than 
50 million passengers, on average, per year, while absolute net volumes remain 
around 180,000 (possibly migrants). Even though much smaller than total volumes, 
these net volumes are larger than the other non traditional datasets in this paper, 
therefore we believe this dataset is very representative and central to our analysis. 
It is important to underline that tourism interferes only with the range of our indica-
tors, while we are interested in the changes in time, which we observe to be similar 
across datasets.

The yearly indicator shows patterns similar to what we observed in previous data. 
The EU27 FLR values are always above 0 in the years preceding 2016 and then 
they start to oscillate, reaching values below 0 in 2016, 2019, and 2021. Similar 
to Eurostat data, we observe a slight increase in early years, and a sharp decrease 
in 2016. While Eurostat data continues to indicate a decrease from 2017 on, here 
we see an oscillating pattern. At the regional level, the largest change in trend is 
observed with Central and Eastern Europe, where FLR dropped in 2016, and again 
after 2019. Southern Europe also displays a strong decrease in 2016 and then oscil-
lations afterwards. Similar to previous data types, Northern Europe appears to have 
started a decrease in FLR long before 2016, and shows a high peak in 2021. When 
looking at CFLR values, the overall trend is downward for all countries after 2016, 
indicating that slowly more people are travelling from the UK to Eu27 countries 
than vice versa. The EU27 trend is similar to Eurostat data. All these values indicate 
that Brexit has probably started to have an effect in 2016.

A very important and unique feature of the air passenger data is the fact that it 
allows us to study monthly patterns as well, which is not the case for most other 
datasets, including official data. We note a strong seasonality in the monthly data, 
with a typical high peak in FLR in January, April and September, with more individ-
uals entering than exiting the UK, and low peaks in March, May, July and December, 
with more individuals exiting than entering the UK. This pattern could be explained 
partly by tourism, for instance July could be the summer holiday time when many 
UK residents go abroad to return in August or September. It has been previously 
shown that summer holidays correspond to higher airline traffic  [27]. Similarly, 
many residents (migrants or not) could be travelling abroad in December to return in 
January. However, seasonal migration can also be responsible for this pattern [21]. 
For most of the last two decades, the EU was the primary source of migrant workers 
in the UK, particularly in the field of agriculture 14 and horticulture. For example, 
UK in a Changing Europe15 estimates that in fruit picking seasonal migrant workers 
(in the UK from the beginning of the year until November), constitute up to 98% of 
workers .16 The seasonal pattern is also visible in the CFLR, with periodical oscilla-
tions at the EU27 level. For Central and Eastern Europe, it is clear that over time the 
UK is an important attractor, with values always above 1, and we see a decrease in 

14 The Migration Exploratory: https:// migra tiono bserv atory. ox. ac. uk/ resou rces/ briefi ngs/ work- visas- and- 
migra nt- worke rs- in- the- uk.
15 UK in a Changing Europe: https:// ukand eu. ac. uk/.
16 https:// ukand eu. ac. uk/ seaso nal- worke rs- visas.

https://migrationobservatory.ox.ac.uk/resources/briefings/work-visas-and-migrant-workers-in-the-uk
https://migrationobservatory.ox.ac.uk/resources/briefings/work-visas-and-migrant-workers-in-the-uk
https://ukandeu.ac.uk/
https://ukandeu.ac.uk/seasonal-workers-visas


 Journal of Computational Social Science

1 3

CFLR from July 2016 on. Western Europe appears to show much weaker seasonal 
patterns, indicating that seasonal travelling and migration could be stronger in the 
other regions. The decreasing trend for Northern Europe, starting already in 2011, 
is confirmed by these data as well. Southern Europe, on the other hand, seems to be 
quite balanced, oscillating around 1 during the year.

An important aspect that these data allow us to observe is that, while before 2016 
the FLR and CFLR seasonal patterns are very strong and stable, after 2016 they dis-
rupted. In particular, for FLR the December 2016/January 2017 peaks are missing, 
while for 2018 and 2019 all peaks are missing except for January. The CFLR curve 
shows some disruptions in 2016 and 2017, and a strong flattening after 2018. This 
disruption in periodic patterns is very interesting and could be explained in part by 
the lower tendency to travel for UK migrant residents, for fears of not being able to 
reenter the UK. Also, seasonal migration could have been disrupted by Brexit events 
and media coverage.

Another important aspect concerns the period after January 2020, where we also 
observe important changes in trends and sometimes very high oscillations. These 
disruptions are a sum of Brexit and Covid19 effects and are difficult to assign to 
one or the other. We note flattening periods and stronger peaks in this period, espe-
cially for Northern and Southern Europe, probably due to bursts in mobility after 
lockdown periods. This cumulative effect makes it difficult to extract meaningful 
information on Brexit during this period, however the disruption is clearly visible 
in the years before (2016-2019), therefore these data still provide an important con-
tribution to our study. The CFLR stabilises after 2020 indicating that in this period 
seasonal mobility is not strong, again probably a cumulative effect of Covid19 and 
Brexit. The decreasing pattern continues for Central and Easter Europe, indicating 
that many individuals leave the UK towards these countries and fewer enter the UK.

Mobility through Twitter data

Twitter is another type of data that allows us to explore general mobility patterns 
including short-term travelling, seasonal migration, long term migration, with the 
advantage of a high space and time resolution, therefore it has been widely used 
for mobility studies [25, 31]. Unlike Air Passengers data, Twitter data is more eas-
ily accessible, through the Twitter API, while Air Passenger Data requires ad hoc 
agreements with the data owners. Twitter includes a much smaller population, refer-
ring only to Twitter users that have their geo-location enabled. However, the patterns 
can still be of interest as they show trends for this sub-population. Therefore we also 
include this data type in this study, to analyse the patterns and also evaluate its suit-
ability to this type of study, especially useful as this data has recently stopped being 
free.

Figure 6 shows FLR and CFLR values obtained by observing the movements of 
users who were in the UK in January 2015, so before Brexit. At the EU27 level, 
yearly values of both indicators are generally below 0, indicating that more users 
have left the UK compared to those coming back. In 2020 and 2021 we see fluctua-
tions in these values, especially for FLR, but these could be due to Covid-19 effects. 
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Analysing individual regions, we observe that Northern Europe show the lowest 
FLR and CFLR values, with a clear trend for users to leave the UK in this period, 
in agreement with what we observed for other data types. Western and Southern 
Europe are well align with the EU27 trend, while Central and Easter Europe show 
high fluctuations, most probably due to the low number of users observed in this 
area.

Regarding monthly values, the data provide a much more useful picture. Twitter 
FLR also shows a regular pattern over the years, however not all peaks observed in 
Air Passenger data are visible here as well. For instance, we have a peak in users 
entering the UK in September/October, which matches Air Passengers data. How-
ever, the January peaks are missing here, in years where they are missing in Air Pas-
senger Data (2017, 2019, probably due to Brexit), but also in 2016 and 2018. This 
could indicate that the individuals who travel in December and January are generally 
not Twitter users, belonging to demographic groups that are less represented. We 
see low FLR values during the summer, indicating that more users are leaving com-
pared to those entering the UK. The autumn peak could be due to students coming 
from the EU to the UK to study, or tourists coming back from holidays (especially 
visible for Southern Europe) while the summer low values could be due to vacation 
travelling. We also observe strong disruption in patterns in 2020 and 2021, with a 
high peak in travelling from Northern Europe to the UK in February 2021, matching 
a similar peak in Air traffic data. Importantly, we see good agreement of monthly 
patterns over the years 2016–2020 (from Brexit referendum but pre-Covid19), as 

Fig. 6  Yearly (top panel) and monthly (bottom panel) FLR and CFLR between the UK and the sub-
regions of EU on Twitter
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opposed to monthly patterns in Air Passenger Data that are quite disrupted in the 
same period. This suggests that while the general population changed mobility due 
to Brexit, this is less visible in Twitter users, who are likely less conditioned by visas 
or labour instability.

All in all, although Twitter data is more restricted and subject to selection bias, 
we do observe some patterns similar to those of other data types. In particular, we 
observe different trends for different EU regions and periodic mobility patterns. This 
is a further support for the usefulness of these types of data that could provide quick 
feedback and early warnings on the effect of policies and other socio-economic 
changes, even if overall estimates are subject to the Twitter selection bias.

Highly‑skilled mobility from Crunchbase data

In order to analyze possible Brexit effects from Crunchbase data, we focus on the 
United Kingdom by calculating mobility indicators for Crunchbase flows. Figure 7 

Fig. 7  Top: FLR and CFLR calculated from Crunchbase flows between UK and EU27 and EU regions. 
Bar plots: Incoming and outgoing flows from Crunchbase for the UK versus EU27 and EU regions
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shows EU27 and regional FLR and CFLR calculated for the UK, and also the total 
incoming and outgoing flows from/to European regions.

When studying the entire European Union (EU27), after an initial negative trend, 
the FLR settles around 0 from 2012 to 2015. From 2016 to 2019 it decreases and 
then rises again from 2019 onwards. Values are mostly negative, indicating that 
for the Crunchbase highly-skilled population, more people moved out rather than 
into the UK. The cumulative values (CFLR) confirm this trend. However, the UK 
increased its attractiveness from 2011 to 2016, with an upwards pattern. On the con-
trary, from 2016 to 2019, we observe a decreasing pattern, probably due to the first 
effects of Brexit. After 2019 the pattern seems to be increasing again. We must how-
ever note that flow volumes are very reduced, even when looking at EU27 level.

Focusing on single regions:

• West Europe shows a pattern similar to the European one.
• The FLR of Southern countries varies significantly yearly, passing from positive 

to negative values and vice versa. This noisy behaviour could be due to the low 
flow volumes. The CFLR for Southern Europe shows an increasing pattern from 
2010 to 2016, meaning that the UK has become more attractive over time for 
highly-skilled individuals. While negative values prevailed in early years, when 
more highly skilled individuals were leaving the UK, positive values emerged 
from 2014, indicating that incoming flows prevailed. From 2017 onwards, the 
indicator starts decreasing again so that in 2022 it stands just below 0. This 
inversion in the pattern indicates that since the immediate post-referendum (and 
at least until 2020), the UK has become increasingly less attractive for highly 
skilled personnel from southern European regions.

• Northern European countries show generically negative FLR values just below 
0. The CFLR confirms a stable negative pattern, indicating higher outgoing flows 
from the UK to Northern countries, compared to incoming flows. This means 
that from the point of view of highly-skilled workers, the UK is not attractive to 
Northern Europe.

• Central-Eastern Europe always shows a decidedly negative pattern, except for a 
positive peak in 2013. Consistently, the CFLR shows a decreasing trend from 
2013 onwards, which stands at around −0.5 from 2017 onwards. This pattern 
could indicate, similar to Northern Europe, a low degree of attractiveness of the 
UK for highly skilled workers, which could also be due to poor international 
agreements. However, as shown in the bar plots of Fig. 7, we have extremely low 
flow volumes for this region.

All in all, the analysis indicates that after Brexit was approved (2017-2019), there was 
a general decreasing trend in FLR values for all European regions, showing that more 
highly-skilled individuals tended to leave the United Kingdom. However, the ratio has 
restarted to grow from 2020 on. We observe a stable volume decrease starting from 
2017, for all regions except for Northern Europe. This is in line with what we observed 
from scientific data: Brexit appears to have partially encouraged incoming flows from 
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North Europe and discouraged those from the other European regions. Even if overall 
conclusions are similar to other data types, we underline the fact that Crunchbase data 
is rather reduced in volumes, therefore data integration is always necessary to validate 
results.

Fig. 8  Time series decomposition of FLR calculated from Air Passengers data for Southern European 
countries
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Brexit attention and time‑series decomposition of European Union 
air passenger data: analyzing main trends

In order to explore better the main trends and seasonal patterns, we perform time 
series decomposition on the FLR values calculated from Air Passenger data, similar 
to   [22]. We dissect regional FLR values into three components: main trend, sea-
sonal component and noise, by employing the Python library statsmodels [33]. We 
set a seasonal component for each month, for a total of 12 components. As an exam-
ple, Fig. 8 shows the result obtained for Southern European countries: the top panel 
shows the original FLR time series, which reveals strong variations re-occurring 
quite regularly monthly every year until 2016 and in 2018. The main trend and sea-
sonality are displayed in the second and third panel, respectively, while the resid-
ual component, i.e., noise, is shown in the bottom panel. The first and the last six 
months of the main trend are removed since time-series decomposition employs a 
moving window.

Analysis of main trends

Time-series decomposition allows us to study the main trend separately from the 
seasonal component. We compare this main trend with data from Google Trends, 
that measures the amount of searches on a topic of users in a specific country. The 
number of searches can be used as a measure of the attention of people in the coun-
try to a specific subject. It was widely investigated in several research fields includ-
ing migration [6, 17]. To collect Google Trends data, we design a Python pipeline 
combining Pytrends, an unofficial API for Google Trends,17 and the bulk download 
method18 provided in  [51]. According to our research question, data collection is 
restricted to European countries plus the United Kingdom from 2010 to 2021. For 
each country, we download time series indexes for “UK visa” (UkVisa), “UK resi-
dence permit” (UkResPerm), plus individual country names, as keyword terms, 
and Brexit as a topic. We aggregate (sum) countries’ Google trends based on Euro-
pean geographical areas, to obtain regional trends. For the terms related to country 
names, we perform two aggregations: one by grouping all the searches performed in 
the UK for the countries of a certain region, and one by grouping the search for the 
term ’United Kingdom’ performed in all countries of a certain region.

Figure  9 shows the patterns of FLR main trends for the UK (after time series 
decomposition) versus the four European Union regions, and the ”Brexit” Google 
Trends time series data for the UK. Again, we note that in some regions some peaks 
in Brexit attention coincide with main trend changes: however, there are no clear 
correlations between the two series.

Main trends extracted with the decomposition of time series are further studied 
with respect to users’ searches on Google Trends. For each European region, we 

17 https:// pypi. org/ proje ct/ pytre nds/.
18 https:// gist. github. com/ pixyf ox.

https://pypi.org/project/pytrends/
https://gist.github.com/pixyfox
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implement an Ordinary Least Squares (OLS) model with an automated backward 
elimination approach. The dependent variable considered is the monthly main trend 
of the FLR, for each region. Each model considers as the input variables (a) attention 
levels for different topics (UK Visa, UK Residence Permit and Brexit) 
derived from Google Trends data from both the European Region of interest and the 
UK, (b) attention to country terms pertinent to each region in the UK and attention 

Fig. 9  Time-series comparing EU27 regional main trends and the ”Brexit” Google Trends in UK
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Table 2  OLS coefficients, estimated standard deviation, and R 2 and AIC for Northern and Southern 
regions when modelling trends from 2013-08-01 to 2018-12-01

Coefficients with p-value ≤ 0.05 are flagged with one star (*), ≤ 0.01 with 2 stars (**), ≤ 0.001 with 3 
stars (***)

Variable Northern Southern

Northern base Northern final Southern base Southern final

UkVisa 6 m 0.0978 (0.221) −0.2198 (0.311) −0.3701** (0.132)
UkVisa 1 m −0.0244 (0.082) −0.0633 (0.119)
UkVisa 12 m −1.5825*** (0.457) −1.3899*** (0.26) −0.2495 (0.422)
UkResPerm 6 m −0.0534 (0.124) 0.1345 (0.167)
UkResPerm 1 m 0.0483 (0.07) 0.0169 (0.078)
UkResPerm 12 m −0.0188 (0.154) 0.1559 (0.186) 0.231 (0.119)
trend y-2 0.7743** (0.233) 0.7511*** (0.174) −0.0665 (0.307)
trend y-1 −0.5036* (0.215) −0.4939*** (0.138) −0.4883 (0.347) −0.2962 (0.174)
Brexit 6 m 0.2353 (1.576) −1.4201 (1.638) −0.4451* (0.196)
Brexit 1 m −1.0246 (0.605) −0.99** (0.319) −1.6088* (0.703) −1.5365** (0.506)
Brexit 12 m 1.8297 (1.765) 2.1201** (0.72) 3.9326 (2.036) 2.4653* (1.053)
United Kingdom 

6 m
0.005 (0.171) 0.4911 (0.265) 0.6426** (0.196)

United Kingdom 
1 m

−0.1389 (0.083) −0.1285 (0.068) −0.2032 (0.125) −0.2424* (0.095)

United Kingdom 
12 m

0.2504 (0.161) 0.2553* (0.099) 0.152 (0.398)

UK UkVisa 6 m −0.1079 (0.208) −0.589 (0.467)
UK UkVisa 1 m 0.1244 (0.092) 0.111 (0.058) 0.2005 (0.193)
UK UkVisa 12 m −0.1159 (0.661) 2.693** (0.792) 2.0969*** (0.439)
UK UkResPerm 6 m −0.2343 (0.625) −0.9561 (0.882) −1.1643* (0.518)
UK UkResPerm 1 m −0.4421* (0.201) −0.5006*** (0.13) −0.3377 (0.278) −0.3211 (0.228)
UK UkResPerm 

12 m
−1.1144 (0.793) −1.2285*** (0.341) −1.8428* (0.792) −1.2929* (0.556)

UK Brexit 6 m −0.583 (2.44) −0.4064** (0.144) 1.4666 (2.614)
UK Brexit 1 m 1.5416* (0.752) 1.5*** (0.386) 2.1516* (0.882) 2.073*** (0.613)
UK Brexit 12 m −2.891 (2.879) −3.1348** (1.036) −6.3548 (3.874) −3.7198* (1.689)
UK S-Countries 6 m 0.8444** (0.3) 0.5963*** (0.155)
UK S-Countries 1 m −0.1838 (0.186) −0.1436 (0.084)
UK S-Countries 

12 m
−3.2354*** (0.889) −3.302*** (0.709)

UK N-Countries 6 m 0.4999* (0.21) 0.4978*** (0.137)
UK N-Countries 1 m −0.1777* (0.084) −0.1633** (0.06)
UK N-Countries 

12 m
0.8999* (0.421) 0.6147* (0.276)

Backward AIC 77.9594 61.5 111.6961 99.5795
Backward R2 0.9154 0.9106 0.8578 0.8443
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Table 3  OLS coefficients, estimated standard deviation, and R 2 and AIC for Western and CentralEastern 
regions when modelling trends from 2013-08-01 to 2018-12-01

Variable Western CentralEastern

Western base Western final CentralEastern 
base

CentralEastern final

UkVisa 6 m −0.6181 (0.48) −0.5902* (0.275) −0.1769 (0.097) −0.1654 (0.091)
UkVisa 1 m 0.1056 (0.11) 0.0158 (0.05)
UkVisa 12 m −0.1213 (1.061) 0.2248 (0.127) 0.2979* (0.113)
UkResPerm 6 m 0.0257 (0.214)
UkResPerm 1 m −0.0303 (0.083)
UkResPerm 12 m −0.0363 (0.237)
trend y-2 0.0562 (0.151) −0.3017 (0.187) −0.2498* (0.112)
trend y-1 −0.7284*** 

(0.164)
−0.7045*** 

(0.101)
−0.532* (0.229) −0.5376*** (0.159)

Brexit 6 m 1.4733 (1.772) 1.3385 (0.812) 0.7327 (1.043) 0.9565 (0.748)
Brexit 1 m 0.3157 (0.671) 0.327*** (0.08) −1.4562*** 

(0.356)
−1.3971*** (0.298)

Brexit 12 m −4.0464 (2.546) −3.6471*** 
(0.968)

2.6968* (1.031) 2.4761** (0.758)

United Kingdom 
6 m

−0.5593** (0.201) −0.5793*** 
(0.132)

0.1379 (0.189)

United Kingdom 
1 m

−0.0541 (0.11) −0.0933 (0.06)

United Kingdom 
12 m

0.3628 (0.37) 0.299 (0.208) −0.0076 (0.161)

UK UkVisa 6 m −0.9654* (0.384) −0.8622*** 
(0.206)

−0.1301 (0.165)

UK UkVisa 1 m 0.2707* (0.131) 0.2883** (0.087) 0.1928** (0.067) 0.1879*** (0.051)
UK UkVisa 12 m 0.5124 (0.739) 0.3391 (0.182) 0.2863 (0.285)
UK UkResPerm 

6 m
1.2915 (0.771) 1.3358* (0.509) 0.4843 (0.406) 0.6259* (0.245)

UK UkResPerm 
1 m

−0.448 (0.245) −0.4559* (0.185) −0.2211 (0.126) −0.1955 (0.12)

UK UkResPerm 
12 m

0.0901 (0.677) −1.1397 (0.58) −1.2812*** (0.341)

UK Brexit 6 m −2.1705 (2.611) −1.8898 (1.182) −2.2946 (1.579) −2.4081* (1.074)
UK Brexit 1 m 0.0655 (0.81) 2.2086*** (0.446) 2.0888*** (0.371)
UK Brexit 12 m 5.618 (3.893) 5.0722** (1.636) −3.1834 (1.793) −2.9789* (1.406)
UK W-Countries 

6 m
0.6599** (0.222) 0.5601*** (0.123)

UK W-Countries 
1 m

−0.0361 (0.106)

UK W-Countries 
12 m

−0.0795 (0.214)

UK C-Countries 
6 m

0.6496** (0.22) 0.5059*** (0.137)

UK C-Countries 
1 m

−0.3567** (0.118) −0.3684*** (0.099)
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to the United Kingdom term in the specific region, and (c) the main trend of the 
previous year and two years earlier—in the same month—(trend y-1, y-2) 
obtained by time-series decomposition. Regarding Google Trends, for each monthly 
observation, for each keyword/topic, we include as independent variable the number 
of searches in the previous month and the average of searches in the previous six 
and twelve months in the specific geographical area observed and in the UK. For 
some geographical regions the Google Trends time-series related to some topics are 
completely empty, in which case they are removed. Prior to model fitting, dependent 
and independent variables are standardised. The model takes all variables as input 
and, at each iteration, drops the least significant based on a fixed elimination crite-
rion—here we employ the Akaike information criterion (AIC). When only the most 
statistically significant variables are left, the algorithm stops.

Tables 2 and 3 shows OLS coefficients, estimated standard deviation, and R 2 and 
AIC by geographical region when modelling trends from 2013-08-01 to 2018-12-01. 
We show results both for the model with all independent variables (base), and the final 
model after backwards elimination (final). Coefficients with p-values less (or equal) 
than 0.05 are flagged with one star (*); less (or equal) than 0.01 are flagged with 2 
stars (**); less (or equal) than 0.001 are flagged with three stars (***). In brackets, we 
include the estimates of the standard deviation of the coefficient, a measurement of 
the amount of variation in the coefficient throughout its data points (standard error). 
Empty cells in the base models’ columns’, i.e., UkResPerm averages in the previous 
1/6/12 months in Central Eastern, indicate the completely empty Google Trend series 
removed before computing the OLS model. Further, empty cells in the final models’ 
columns’, e.g., UkResPerm averages in the previous 1/6/12 months in Southern, Cen-
tral Eastern and Western Europe, indicate that the algorithm deleted the features during 
the iterations and thus are not included in the final model.

In general the OLS models obtain a very good fit, with R 2 values above 0.84. 
This demonstrates that the independent variables are able to describe the dependent 
variable, i.e. there is a good relation between Google trends and previous values and 
the current monthly values we are modelling.

For a global view of the models’ performance, the line plots in Fig. 10 shows 
the actual trends (black dotted line) and the trends predicted (coloured lines). For 
all European regions, the two series are very similar, as indicated also by the high 

Coefficients with p-value ≤ 0.05 are flagged with one star (*), ≤ 0.01 with 2 stars (**), ≤ 0.001 with 3 
stars (***)

Table 3  (continued)

Variable Western CentralEastern

Western base Western final CentralEastern 
base

CentralEastern final

UK C-Countries 
12 m

−0.8798 (0.553) −0.6349* (0.286)

Backward AIC 103.791 84.463 29.9323 22.6419
Backward R2 0.874 0.8688 0.9557 0.9523
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Fig. 10  Time-series comparing actual, i.e., “Data”, and predicted trends, i.e., “Model”
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R 2 values in Tables 2 and 3. We note that, in general, the predicted series tend to 
ignore the most extreme variations of the values. This effect is most evident in the 
first eight months of 2018, e.g., patterns in March-April of 2018. Beyond this, the 
pattern of the predictions follows that of the current values in all the areas and for 
all the years observed.

Most variables that are maintained after the backwards procedure are statisti-
cally significant. The self regressive variables (the trend 1 and 2 years before) 
appear to have some effects, however coefficients are relatively low. The 1 year 
trend is always maintained after backwards elimination, and has always a nega-
tive value, indicating that there are trend reversals happening. The 2 year trend 
however is only significant for Northern and Central Eastern regions, with a posi-
tive effect in N and negative in CE.
Brexit searches—both in the UK and by regions—are relevant in most cases. 

Among the different time spans, the 1-month and 12-month values are those that are 
deemed significant almost always, with the 12-month variables also being assigned 
higher coefficients. This emphasises the long term effect of Brexit. In all EU regions 
except Western Europe, the long-term attention in the regions (Brexit 12 months) 
positively impacts the prediction of trend values, while the impact on prediction is neg-
ative when the attention comes from the UK (UK Brexit 12 m). That means that, 
as expected, a higher long-term attention to Brexit in the UK corresponds to lower FLR 
values, i.e. more persons leaving the UK. However, apparently, higher long-term atten-
tion to Brexit in the destination country corresponds to increased FLR. This could be 
due to the returner effect: a larger attention to Brexit outside the UK will cause UK 
citizens to return to their origin country. Short and medium-term attention (Brexit 
1/6 months) in European regions has a negative effect on trends, i.e. as attention 
grows the FLR decrease, indicating a larger fraction of persons leaving. Furthermore, 
when the short-term attention comes from the UK, impact is positive. This is counter 
intuitive and could be an artefact of the long time required to make a decision to move, 
that shifts the moment in which the FLR starts to decrease, so that a natural decrease 
in Brexit attention will appear to correspond to a decrease in FLR. Western Europe 
however shows the opposite picture, with long term positive effects from searches in 
Western Europe and negative effects from searches in the UK. Short-term effect effects 
appear negative from Western Europe and positive from the UK. This could indicate a 
shorter time to decision, so that a large last month’s attention to Brexit already causes 
decreases in FLR this month. However, on the long term we see an apparent positive 
relation, which could be due to continuous changes in trends.
Residence permit-related features by regions are considered inputs to the 

models of Northern, Southern and Western Europe. However, these are not taken 
into account by any final model, except Northern (6 months average). This means 
that Google searches related to the UK residence permit (in the regions) are not 
useful in predicting the main trend. Conversely, searches performed in the UK 
are considered in input by all base models and by most of the final ones. Coef-
ficients are generally negative, indicating that as the search for Residence permits 
increase, the FLR decreases due to people leaving the UK. The highest effects 
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are from the 12 month variables, underlining again the importance of long term 
effects.

The impact and relevance of Visa-related searches appears reduced in terms of the 
number of variables maintained in the models and coefficient ranges. Regarding the 
searches carried out in the regions, only the 6 and 12 month variables are significant 
in final models, and generally have negative coefficients. This means that persons who 
search for Visas take longer to move, and as the attention to visas grows the number 
of people leaving also grows. The searches in the UK provide a similar picture, with 
generally few significant variables and low coefficients, except for Southern Europe 
where the coefficient is larger. The effect is positive, i.e. as the visa search within the 
UK grows, the FLR grows, indicating fewer people leaving. This could be due to the 
fear of leaving and not being able to get a new Visa upon return.

As for the country related terms, the variables corresponding to searches for the 
UK in EU regions are rarely maintained and significant after backwards elimina-
tion, and have generally low coefficients. However, the searches for particular coun-
tries from the UK are significant for all regions. One-month searches have nega-
tive influence on the trend, i.e. as more persons search for EU countries, the FLR 
decreases since more persons leave. This could indicate that people search informa-
tion about the country of destination short before leaving the UK. The 6-month vari-
able, however, has a positive coefficient, probably due to periodicity in trends. Long 
term 12 month variables have again negative coefficients, maybe indicating initial 
searches when the decision to leave was first contemplated.

All in all, regression analysis shows a good relation between Google Trends data 
related to Brexit, including visas and residence permits, with models being able to 
explain very well the main component of the FLR, suggesting that the changes in 
patterns that we observe are indeed due to Brexit. While significant in models for all 
regions, the self regressive component is not the strongest. Generally, we see largest 
effects from 12-month variables, underlining the long term effects of Brexit.

Conclusions

This paper presented an analysis of two indicators aimed to understand trends in 
mobility between the UK and Eu27 around Brexit. We employed different data types 
offering a different view over the changes. Official migration data from Eurostat 
allowed to study general migration, Crunchbase and Scientific migration data enabled 
analysis of highly-skilled migration, while Air Passenger and Twitter data provided 
insights into general mobility. All data supported similar findings. While before Brexit 
the UK was an attractive destination both for general migration and highly-skilled 
migrants, after Brexit some EU regions showed a change in trend. The strongest inver-
sion of trend was observed for Central and Eastern Europe, and this matches earlier 
findings.19 Northern Europe, however, appears to have the opposite behaviour, with a 
general decrease in mobility towards the UK before Brexit and a slight increase after-
wards. The change in trend started already from the Brexit referendum (June 2016).

19 https:// www. ons. gov. uk/ peopl epopu latio nandc ommun ity/ popul ation andmi grati on/ inter natio nalmi grati 
on/ bulle tins/ migra tions tatis ticsq uarte rlyre port/ febru ary20 19.

https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/internationalmigration/bulletins/migrationstatisticsquarterlyreport/february2019
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/internationalmigration/bulletins/migrationstatisticsquarterlyreport/february2019
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An important type of data employed here are Air Passenger Data. Their main advan-
tage compared to other data types, including traditional data, is the time resolution and 
the volume. We were able to compute meaningful indicators on a monthly basis, allow-
ing to study the seasonal patterns, impossible in other data types. While before Brexit 
a stable seasonality could be observed, the pattern was strongly disrupted between 
2016 and 2019, for all EU regions. This could mean changes in travelling patterns of 
UK migrant residents, or changes in seasonal migration. In fact, the UK is one of the 
main recipients of seasonal migration in Europe  [36]. The analysis of the link between 
the attention to Brexit through Google Trends and the flow log ratios has uncovered a 
strong relation, confirming again that the changes observed are due to the geopolitical 
context. From 2020, patterns changed even more due to Covid-19 interference, so we 
excluded this period from the regression analysis. Among disadvantages of this data 
type, an important one is that it includes all types of mobility, not only migration. Dis-
secting the different signals is not straightforward, therefore one can consider these data 
in conjunction with other data types that show more specific types of mobility. Our 
indicators are only affected in their range, with general low values, especially at the 
yearly level. However, we are interested in changes in time, and these were still clear 
even if absolute values of our indicators were all low.

The higher time and space resolution is also possible with social media data, 
Twitter in our case. However, due to selection bias, mobility flows were much more 
reduced in this case, therefore differences and consequently indicator values are 
magnified. Even if referring to a smaller and less representative population, findings 
from other data types were confirmed by Twitter data, even if absolute values were 
often different. This supports the hypothesis that Twitter and Social Media data can 
be employed for early monitoring of mobility and migration [34, 35, 45], however 
more accurate data are required for robust measurement.

Although more complete than other previous works, our study of the mobility 
patterns after Brexit can be improved. In particular, other data types could be inves-
tigated, including non-traditional sources such as professional social networks (e.g. 
LinkedIn), Facebook Advertising data, mobile phone data, that could enable an even 
better granularity.
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