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Abstract

Understanding the factors that explain why people move – or
stay – and where they go, is a central goal of migration re-
search. This article improves our understanding of migration
aspirations of professionals in Europe by leveraging a previ-
ously untapped data source: aggregate-level information on
LinkedIn users open to work-related international relocation,
accessed through the LinkedIn Recruiter platform. We col-
lected data at regular intervals from Oct. 2020 to Sept. 2021.
First, we offer descriptive statistics of proxies for migration
aspirations (or lack thereof) for millions of Linkedin users in
Europe. Then we approach our questions using a standardiza-
tion technique, based on gravity models of migration, in order
to account for a number of biases in the data, including un-
even use of LinkedIn across countries. We found that, in abso-
lute terms, countries in Northern and Western Europe are the
most attractive ones when considering LinkedIn users open
to work-related relocation (about 60%), followed by South-
ern Europe (about 40%) and Eastern Europe (30%). We also
observed substantial heterogeneity in directionality of aspi-
rations: for example, roughly 20% of LinkedIn users would
relocate from Western to Northern Europe, while less than
10% would relocate from Northern to Western Europe. After
accounting for differences in population density, geographic
and linguistic distances, as well as internet and LinkedIn pen-
etration, we observed that, in relative terms, Southern Europe
appears to be a highly desired destination for professionals,
indicating that there is potential for changing patterns in ac-
tual flows, should more opportunities for professionals arise
in Southern Europe.

Broader Perspective and Significance
International migration is an important phenomenon with
measurable demographic consequences. It has therefore be-
come of paramount importance for policymakers in Europe
and globally to understand the key drivers that shape migra-
tion potentials across countries for migration preparedness,
for planning purposes, and for policy implementation. Yet,
a lack of data and of appropriate methods to extract reliable
information from often noisy or deficient data sources limits
our ability to measure and predict migration and mobility.

*These authors contributed equally.
Copyright © 2022, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In this article, we unveil a novel dataset we collected via
the LinkedIn Recruiter platform in order to reduce this data
gap and to improve our understanding of the demand for mi-
gration of professionals in Europe. Since the LinkedIn Re-
cruiter platform is designed for professional recruiting pur-
poses and not for use in demographic and social research,
data pre-preprocessing was an important first step to ensure
data quality and to avoid introducing biases in our analyses.
It is important to note that we collected only anonymous,
aggregate-level data, from which identification of individu-
als is impossible.

To the best of our knowledge, our study provides the first
most comprehensive and rigorous cross-national and com-
parative data on international migration aspirations from on-
line social media data. We believe that, beyond the substan-
tive results of this article, and the academic value of this re-
search, the data and statistical resources that we present hold
the potential to become important tools for guiding decision-
making processes of policy makers in Europe and beyond.

Introduction
International migration is an important phenomenon with
measurable demographic consequences. Much migration re-
search, though, is plagued by inadequate data and leaves
much to be explained as to why people choose to move
– or stay – and where they move to (Willekens et al.
2016). Recent theoretical advances emphasize a “two-step”
approach to the study of migration, called the “aspiration-
(cap)ability” framework, in which the decision-making pro-
cess prior to migration is separated from the migration event
(or lack thereof) (Carling and Schewel 2018; De Haas 2021).
In addition to this theoretical framework, the number of
surveys that focus on people who have a migration “as-
piration” has increased over the last decade. This has en-
abled researchers to improve on various dimensions of the
aspiration-(cap)ability framework (Aslany et al. 2021).

While traditional surveys of migration aspirations are of
great use for theory development, they typically have several
shortcomings. First, the instruments that inquire about a spe-
cific dimension of a person’s migration aspirations are of-
ten tailored to a single research question and therefore query
only one dimension of a person’s migration aspirations. Sec-
ond, they tend to be limited in time and space, as they are
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often cross-sectional and geographically restricted (a recent
review found only 7% of them are multi-regional (Carling
and Mjelva 2021)). Third, while potentially representative
of the general population, they often lack inter-survey com-
parability (due to diversity across survey instruments) and
suffer from acquiescence bias (as many questionnaires ask
about preferences for leaving but not staying).

To address some of the limitations of existing survey data
and to provide a perspective that complements the growing
literature in the field, we offer new analyses that rely on a
novel – and as of yet untapped – data source: aggregate-
level information on LinkedIn users open to job-related re-
location, as obtained from the LinkedIn Recruiter platform.
Compared to traditional survey data, the LinkedIn data that
we employ here to study openness to migration (1) are con-
tinuously available, (2) have consistently defined variables
across 24 different languages, and (3) provide a global snap-
shot of openness to migration as recent as the latest update
to a person’s LinkedIn profile. Furthermore, rather than di-
rectly asking a person about their migration preferences, we
capture routine job-seeking behaviors, thereby avoiding re-
active responses to a survey instrument.

The main aims of our work are to identify the utility and
limitations of this novel LinkedIn dataset for studying open-
ness to international migration. We use the term “openness”
to migration to more accurately reflect the terminology used
on LinkedIn, and we refer to the concept of migration “aspi-
rations” used in the literature as part of an imagined future
where migration is a possibility. Hence, we study a more
general receptiveness to the idea of migration, rather than a
concrete desire. In what follows, first we describe the data
set and data collection process. Then we present descriptive
results on inter-regional trends. Finally, we compare the rela-
tive attractiveness of certain countries by means of a gravity-
type model, that controls for a set of geographic and linguis-
tic factors that may generally affect openness to move from
one country to another (Cohen et al. 2008). In our analyses,
the focus is on Europe. The reasons for this are two-fold.
First, there is a large number of LinkedIn users who are open
to move to and within Europe. Second, Europe offers an in-
teresting case study, due to the establishment of free move-
ment of European Union (EU) nationals across borders. In
this context, we identify pairs of countries where openness
to migration is different from what we would expect based
on the geographic and linguistic factors alone, which we
control for in our gravity model. As such, our work offers a
potential indicator of future migration flows within Europe.

Background
Migration is a complex, heterogeneous and selective pro-
cess. It is also a driving force of economic, demographic,
social and political change. Periods of crises have reminded
us of the importance of migration and mobility for our soci-
eties, both in the short- and in the long-term.

Migration has become a top priority for policymakers in
Europe and globally, as our societies increasingly face the
challenges of managing vital migration flows and integrat-
ing migrants in the context of below-replacement fertility
levels, slow population aging and sudden crises or shocks.

The United Nations 2030 Sustainable Development Goals
include an international commitment to “facilitate orderly,
safe, regular, and responsible migration and mobility of peo-
ple, including through the implementation of planned and
well-managed migration policies” (target 10.7). This is con-
sistent with the Global Compact for Safe, Orderly and Reg-
ular Migration, which was adopted by the majority of UN
Member States on December 10, 2018. The Global Com-
pact marked the first time that Heads of State and Govern-
ment came together, at the global level, under the auspices
of the United Nations, to address the issue of migration in
a comprehensive and collaborative way. Policymakers have
also increasingly recognized the role of attracting “the best
and the brightest” (Kapur and McHale 2005) in the global
competition for talent, in order to favor economic growth
and productivity.

Despite the importance of migration to understand social
and economic change and the need for deep comprehension
of migration processes in order to devise sensible policy in-
terventions, our ability to measure and predict migration and
mobility remains limited. One of the main factors that hin-
ders the advancement of our understanding of migration in
human populations and the further development of theoreti-
cal frameworks is a lack of data and of appropriate methods
to extract reliable information from often noisy or deficient
data sources.

Early migration theories attempted to provide a gen-
eralized understanding of migration processes. A classic
example of these efforts is Ravenstein’s Laws of Migra-
tion (Ravenstein 1889) that, among others, introduced the
concepts of push and pull factors in migration. Contribu-
tions to the field in the second half of the 20th century
also attempted to provide a rather comprehensive account
of migration dynamics. They include Lee’s theory of mi-
gration (Lee 1966), the theory of mobility transition (Zelin-
sky 1971), neo-classical migration theory (Harris and To-
daro 1970), dual labor-market theory (Piore 1979), new eco-
nomics of labor migration theory (Stark 1978), and the cu-
mulative causation theory (Massey et al. 1993). More re-
cently, with some exceptions, migration research has moved
away from comprehensive theories and has focused on more
specialized studies (De Haas 2021). This has partially con-
tributed to the consolidation of a number of divides. They
include the divide between international and internal migra-
tion (Skeldon 2006), the divide between micro and macro
processes (Bijak 2006), as well the divides related to the
temporal scale for the analysis of long-term (or permanent)
migration versus short-term (or onward) mobility (Fiorio
et al. 2021). These divides cut across broad lines of litera-
ture, including the ones that investigate the relationship be-
tween migration and development, the role of social net-
works for the initiation and continuation of migration pro-
cesses, and the relationship between long-term trends versus
sudden shocks or discontinuities in shaping migration corri-
dors (Massey et al. 1993).

To advance our theoretical understanding of migration,
to better understand and explain migration patterns, as well
as to improve our predictive capacity, requires combin-
ing all available data on migration flows with theoretical
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knowledge about migration. Quantitative information on in-
flows and outflows of migrants is fundamental to under-
stand drivers and consequences of migration. Inflows and
outflows are part of the so-called basic demographic equa-
tion, on which all more complex demographic models are
built. However, in practice, due to lack of data or data qual-
ity issues, inflows and outflows are often simplified in de-
mographic accounting and modelling.

In the European context, the most comprehensive collec-
tion of data on migration flows is maintained by Eurostat,
which publishes official statistics that it receives from na-
tional statistical offices. These data collections rely on cen-
suses, surveys and national administrative sources, which
include population registers, border data collection systems
and visas, residence permits, and/or work permits. The qual-
ity of the data depends on the country’s migration/registra-
tion procedures, the legal incentives for registering the mi-
gration event, and the methodologies used by national sta-
tistical offices to measure migration. While these data are
comparatively better than in other parts of the world, they
suffer from inadequacies that drastically limit their useful-
ness. For example, the flows from Poland to Germany vary
by more than one order of magnitude depending on whether
they are reported by Poland or Germany, as both countries
use different definitions and data collection systems. Euro-
stat provides flows from Poland to Germany and from Ger-
many to Poland only for limited years, and since 2009 these
data are not available. This availability is further restricted
when such bilateral data are disaggregated by age and sex.
This is not an isolated case. It is the result of some key lim-
itations related to administrative data and lack of a compre-
hensive view that combines multiple sources to assess mi-
gration in Europe. Moreover, data become available only
with a substantial delay, making it very difficult to gauge
present trends. In some cases, data are not published for sev-
eral years.

It is widely recognized that migration data in Europe
differ widely across countries and that combining data
sources is key to improve our understanding of migra-
tion flows (Willekens 1994). Over the last three decades
a first line of research has developed statistical models
to combine quantitative and qualitative data with the goal
of producing synthetic databases of estimates of migra-
tion flows (Willekens et al. 2019). Key methodological in-
novations included the use of Bayesian statistical mod-
els (Raymer et al. 2013), the combination of administrative
data and survey data (Wiśniowski 2017), as well as indirect
approaches to estimate flows from migrant stocks (Abel and
Sander 2014; Azose and Raftery 2019). This important line
of research has developed practices to assess data quality
and to address data imperfections through statistical mod-
elling. Expert opinions as well as qualitative information,
assumptions or theoretical considerations are incorporated
into the models via the use of Bayesian methods and ap-
propriate approaches for elicitation of information, like the
Delphi method.

In the last decade, a second line of research on migra-
tion estimation has emerged as a result of the so-called “data
revolution” and the digitalization of life. Digital trace data,

including Web and social media data, have opened up new
opportunities for studying and understanding migration. Fol-
lowing a pioneering study using e-mail data and IP geoloca-
tion to estimate international migration flows (Zagheni and
Weber 2012), new approaches to study migration and mo-
bility that rely on social media data have emerged. They in-
clude the development of methods to use Twitter data to as-
sess the relationship between short-term mobility and long-
term relocations (Fiorio et al. 2017, 2021), or to infer inter-
national migration (Zagheni et al. 2014). Historical informa-
tion from Wikipedia have been used to understand the role of
migrations and international collaborations in the context of
innovation and cultural development (Lucchini, Tonelli, and
Lepri 2019). Facebook data have been used to assess the im-
pact of natural disasters on short-term mobility (Alexander,
Polimis, and Zagheni 2019), and, more broadly, to quan-
tify international mobility (Zagheni, Weber, and Gummadi
2017; Spyratos et al. 2019). In addition to that, Facebook
data have been combined with existing survey data within
a Bayesian hierarchical model to produce estimates of mi-
gration stocks in the United States (Alexander, Polimis, and
Zagheni 2020).

As part of this ‘data revolution’, LinkedIn data has been
used to measure migration flows of professionals to the
United States (State et al. 2014). Our article builds on, and
advances, this broad line of literature that aims at comple-
menting traditional sources with social media data for the
study of migration. More specifically, it goes one step fur-
ther by leveraging an untapped data source for the study of
migration (LinkedIn Recruiter data) and by addressing a new
and relevant issue, which is the timely assessment of the po-
tential demand for international relocation. Measuring open-
ness to migration is the first step towards assessing the link
between aspirations and actual outcomes. As far as the au-
thors know, there have not been previous attempts at using
social media data to estimate proxies for migration aspira-
tions. We hope that this article would stimulate productive
collaborations across scientific communities to fully lever-
age the potential of social media for migration research.

LinkedIn Dataset
LinkedIn is a professional networking site of nearly 800
million users. Its main purpose is to connect profession-
als with each other and to new job opportunities. Within
LinkedIn, the so-called Recruiter platform enables recruiters
from subscribing companies to identify potential job can-
didates through users’ profile attributes, such as industry,
educational attainment, and years of experience. To avoid
gender- and age-based discrimination in hiring practices,
the LinkedIn Recruiter platform does not allow us to di-
rectly search for these attributes. Of particular interest for
this study is the ability to search LinkedIn via the Recruiter
platform for users open to job-related relocation. This lat-
ter refers to those users who have indicated in their profiles
that they are open to finding a new job, and have listed one
or more prospective job locations that differ from where they
are currently located. We refer to this group of users as those
who are open to job-related international migration, thus re-
ferring to the concept of migration aspirations in the liter-
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ature, but more accurately reflecting the definition used on
LinkedIn.

Data Collection
We collected data from the LinkedIn Recruiter platform reg-
ularly every two weeks, from 2020-10-08 to 2021-09-06, for
a total of 25 data points. At each iteration, we collected both
the aggregate number of LinkedIn users and of LinkedIn
users open to work-related relocation internationally. The
data collection process involves a separate search query for
each destination country and returns the top 75 current user
locations (ranked by number of users). As an illustrative ex-
ample, a single search would collect the number of LinkedIn
users open to relocating to Germany (but currently not lo-
cated in Germany) stratified by their current location. Note
that while the spatial resolution of the prospective job loca-
tion can be specified in the input field as desired (e.g. coun-
try), the spatial resolution of the current job locations may
vary from metropolitan area up to the country level and can-
not be selected. Typically the platform returns a sorted list
of locations with the largest populations of LinkedIn users.

It is important to note that we collect only anonymous,
aggregate-level data, from which identification of individ-
uals is impossible. The data were collected purely for sci-
entific purposes using the LinkedIn Recruiter Platform, ac-
cessible at the following URL: https://www.linkedin.com/
talent/. More specifically, the data collection was performed
using the API provided by the LinkedIn Recruiter Platform.

Data Pre-processing
In this work, we focus on Europe and consider a spatial res-
olution at the country level, thus dropping any other lower
spatial resolution (e.g. metropolitan area). Note that some
countries may appear in the dataset with different names
(e.g. Czech Republic and Czechia). However, this is only
a naming issue: absolute values are unique and consistent
when looking at common country pairs (e.g. number of users
open to relocating from Czech Republic or Czechia to Ger-
many).

In the European context, Liechtenstein is missing and we
drop data for Cyprus. The latter in fact appears in the dataset
also as Cyprus UN Neutral Zone, but with unexpectedly
higher number of users open to relocation (over three orders
of magnitude compared to Cyprus). This is likely due to an
incorrect country selection on LinkedIn.

Due to the variability in the spatial resolution and due to
the truncation at the top 75 current job locations, the re-
sulting data collection varies considerably across countries
and query dates. Figure 1 shows the variability in the num-
ber of times each European country appears in a pair of
countries as current versus prospective job location, across
query dates. It is evident that this bias affects particularly
those countries with fewer LinkedIn users which are likely
excluded from the resulting top 75 current job locations.
As an example, Iceland, which has the smallest number of
LinkedIn users in Europe, never showed up as current job lo-
cations due to this top 75 cutoff. On the other hand, countries
with higher numbers of LinkedIn users, such as the United

Figure 1: Variability in the size of country pairs in which
each of the 30 European countries appears as current versus
prospective job location, across query dates. Countries are
sorted based on the total number of LinkedIn users, rang-
ing from nearly 30 million users in the United Kingdom to
approximately 150 thousand users in Iceland.

.

Figure 2: Relationship between the LinkedIn population
sample (averaged across query dates) and the general popu-
lation by European country (reported as ISO 3166-1 alpha-
2 country codes). The colour code refers to the population
sampling ratio ni/Ni. The Spearman correlation coefficient
between the two datasets is ρ = 0.9, p < 10−11.

.

Kingdom, France, Italy, Spain, and Germany, are substan-
tially more likely to appear in the search. To address this
bias and to avoid any imbalance due to the data collection
scheme, in this analysis we consider only those country pairs
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having both bilateral “flows”,wij andwji, of LinkedIn users
open to job-related international relocation from country i
to country j and vice versa. This choice drastically reduces
the size of our dataset (by roughly 45%), but ensures data
comparability across the countries that we prioritize for this
study. Please note that, for the remainder of the article, we
refer to the number of LinkedIn users open to job-related re-
location from country i to country j (wij) as “flows” from
country i to country j. This is for simplicity of language
only, even though we do not observe actual flows. Instead
we observe openness to relocation, or potential flows.

Due to the variability in the dataset, here we use median
country-level flows across all dates of data collection. We
employ a standard weighting approach to normalize flows
wij based on the population sampling ratio ni/Ni, where
ni is the LinkedIn population sample and Ni is the general
population in country i (population data from (The World
Bank 2020a)). This way we correct for potential biases due
to under- or over-sampling the population, although popu-
lation samples are already in good agreement, as shown in
Figure 2 (Spearman’s ρ = 0.9, p < 10−11).

Descriptive Analysis
The resulting dataset consists of a total of 28 European
countries, 25 time data points and 5,222 unique queries
of LinkedIn users open to job-related international reloca-
tion across countries. Figure 3 shows the openness to job-
related international relocation in Europe in form of origin-
destination matrix. The heatmap shows that the flows wij

and the number of links ij tend to decrease with smaller
population size. The matrix is not symmetrical, thus reveal-
ing those countries that may act as a source or sink for future
potential migration. This is more evident in Figure 4 that
shows the relationship between the inflows win =

∑
i wij

and the outflows wout =
∑

j wij by country. Specifically,
for a given country i, if win > wout it means that, overall,
the number of LinkedIn users open to entering the country
is greater than the number of LinkedIn users open to leav-
ing the country. This is the case, for example, for Luxem-
bourg (LU), Switzerland (CH), and the Netherlands (NL).
On the other hand, whenwin < wout it means that the coun-
try would potentially lose more migrants than those gained.
This is the case, for example, for Poland (PL), Greece (GR),
and Romania (RO). Other countries, such as Portugal (PT)
and Estonia (EE), have instead roughly the same inflows and
outflows.

Figure 5 provides an overview of the potential mobility
patterns within subregions of Europe based on the United
Nations geoscheme. In more detail, the figure shows the pro-
portion of LinkedIn users open to relocation between two
countries, aggregated to European regions. Here proportions
are scaled within each region’s total prospective turnover,
that is, the total number of users currently located and/or
open to relocating to that region. We observe, for example,
that roughly 60% of LinkedIn users open to relocation would
relocate to Western and Northern Europe, while about 40%
would relocate to Southern Europe and only 30% to Eastern
Europe.

Figure 3: Origin-destination matrix of LinkedIn users open
to job-related international migration from country i (on the
y-axis) to country j (on the x-axis). The colour code rep-
resents the normalized flows wij (grey indicates no data).
Countries are sorted according to LinkedIn population size.

.

Figure 4: Relationship between the inflows win and out-
flows wout by country. The colour code refers to the ratio
win/wout (log scale) and separates migrant-receiving ver-
sus migrant-giving countries. The solid line x = y is a guide
to the eye.

.

The fact that we have been collecting data repeatedly
makes it possible to explore potential changes in migration
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Figure 5: Chord diagram showing the number of LinkedIn
users open to relocation between two countries, aggre-
gated to European regions, based on the United Nations
geoscheme. Direction is indicated by the arrowhead and size
by the width at the base of the arrow. Proportions have been
scaled within each region, with the total rounded to the near-
est thousand. Each region’s N represents the total prospec-
tive turnover, i.e. all those currently located in the region and
open to relocating plus those who are open to relocating to
the region from elsewhere. As an illustrative example, nearly
20% of those in Northern Europe or open to relocating to
Northern Europe would like to move to Western Europe.

.

desires over time. We computed the percent change in the
normalized flows wij by comparing each data point to the
initial value on the first date of data collection on 2020-10-
08. Figure 6 shows this variation for a few interesting origin
countries (i.e. Germany, Austria, Belgium, the Netherlands,
Poland, and Romania) to the corresponding top 5 destination
countries having highest variation over time. We observe, for
example, that Romania has the highest increase in migra-
tion desires from LinkedIn users located in Germany (over
60%), Austria (over 50%) and Belgium (over 30%), poten-
tially a sign for desired return migration. On the contrary,
when considering Romania as the origin country, this has
less variation over time in terms of migration desires to new
countries. Interestingly, most temporal trends are increasing,
except for a few cases, such as from Romania to Czechia, as
shown in Figure 6F.

Modelling the Openness to Migration
Interpretation of the numbers in Figure 5 makes inter-
country comparisons challenging, since differences could
be attributed to, say, the difference in LinkedIn users be-
tween two countries. We therefore use a modeling approach

Figure 6: Percent change in the flows wij from the ori-
gin country, A) Germany, B) Austria, C) Belgium, D) the
Netherlands, E) Poland, and F) Romania, to the correspond-
ing top 5 destination countries having highest variation over
time. The percent change is calculated by considering the
initial value on the first date of data collection.

.

as a form of standardization to assess the relative attractive-
ness of prospective job-related relocation between countries.
In other words, here we are interested in identifying those
countries that are more (or less) attractive in terms of future
potential migration as regulated by a number of factors that
may generally affect the openness to move from one coun-
try to another. For this, we largely follow the state-of-the-
art gravity-type model proposed by (Cohen et al. 2008). In
general, the gravity model assumes that the number of peo-
ple moving between two locations i and j is proportional to
the population size in i and j, scaled by their distance dij .
Cohen and co-authors proposed an adaptation of the grav-
ity model based only on geographic and demographic inde-
pendent variables to project international migrations across
countries (Cohen et al. 2008). Following the same method-
ology, here we estimate the expected number of users Nij

open to relocating from their current country i to a prospec-
tive destination country j using the following equation:
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log(Nij) =β0 + β1 log(Pi) + β2 log(Pj)+

β3 log(Dij) + β4 log(Ai) + β5 log(Aj)+

β6 log(Ii) + β7 log(Ij) + β8 log(Lij) + εij
(1)

where log refers to log10, Pi and Pj are the median num-
bers of LinkedIn users in countries i and j, Dij is the their
distance, Ai and Aj are the area of countries in km2 ex-
cluding area under inland waters and coastal waters in 2017
(FAO 2020), Ii and Ij are the proportions of the population
using the internet in 2019 (The World Bank 2020b), and
Lij is the probability that two people in countries i and j
understand a common language (Melitz and Toubal 2012).
Distance, here, is the average bilateral population-weighted
geodesic distance between the most populous cities of two
countries, and is appropriate for migration-related analyses
as it accounts for non-uniform population density distribu-
tions in different countries.1

The linear model is fitted with the dependent variable
log(Nij) as the median country-level bilateral flows col-
lected from LinkedIn. Starting from the standard gravity law
with the three basic independent variables (i.e numbers of
LinkedIn users Pi and Pj , and distance Dij), we employ a
stepwise algorithm search approach with Bayesian informa-
tion criterion to obtain the best model. The model in Eq. 1
is the final best model selected. The regression achieves the
following values in terms of measure of fit: R2 = 0.827 and
adjusted R2 = 0.821. Table ?? reports the estimated values
and statistics for all the free parameters in Eq. 1. Note that
comparably similar fit results are obtained when omitting the
area of the origin and/or destination country.

Descriptive Bivariate Relationships
The number of LinkedIn users open to job-related reloca-
tion increases with increasing LinekdIn user size of both
origin (r=0.567) and destination (r=0.626) country, increas-
ing area of origin country (r=0.332), increasing internet
penetration in the destination country (r=0.561), and in-
creasing probability of understanding a common language
(r=0.375). Correlations with the population-weighted dis-
tance between countries, area of the destination country,
and internet penetration of the current country, are insub-
stantial. Log LinkedIn user size and log area were corre-
lated for origins (r=0.488) and destinations (r=0.494). Be-

1The geodesic distance is calculated using the following expres-
sion:

DIJ =

∑I
i wi

∑J
j wjdij∑I

i wi

∑J
j wj

where DIJ is a distance between two countries I and J ; i is a city
of country I and j is a city of country J ; w is the city population
taken from world.cities dataset (Becker and Deckmyn 2018); and
dij is the geodesic distance between two cities. The calculation of
the d relies on the commonly used World Geodetic System 84 ref-
erence ellipsoid (Karney 2013; Hijmans 2019). There are, at most,
50 cities included for each country; if a country has fewer than 50
cities, all available cities are included.

Coefficient Estimate Standard Error

(Intercept) -6.337∗∗∗ 1.832
log(Pi) 0.528∗∗∗ 0.048
log(Pj) 0.67∗∗∗ 0.049
log(Dij) -0.532∗∗∗ 0.076
log(Ai) 0.128∗ 0.052
log(Aj) -0.107∗ 0.052
log(Ii) -2.532∗∗∗ 0.620
log(Ij) 4.307∗∗∗ 0.620
log(Lij) 0.603∗∗∗ 0.110

* p < 0.05, ** p < 0.01, *** p < 0.001

Table 1: Resulting coefficients and statistics of the free pa-
rameters in the gravity model of Eq. 1 as obtained by ap-
plying a multivariate linear regression to the LinkedIn data
on job-related relocation among countries in Europe. All p-
values are statistically significant at the 0.05 level.

cause these were the two highest-magnitude correlations,
collinearity was not a problem in fitting the model. Log
of the population-weighted distance is negatively correlated
with the probability of understanding a common language
(r=-0.417). This is not surprising in the European context,
where most countries speaking a common language also
share a border.

Model Results
We used the gravity model as a form of standardization to
assess the relative attractiveness of prospective job-related
relocation between European countries based on the pop-
ulation density of LinkedIn users between countries, their
geographic and linguistic distances, and internet usage dif-
ferences. We therefore compared the observed and pre-
dicted values of LinkedIn users open to job-related reloca-
tion across countries in Europe in order to identify those
countries that are more (or less) attractive for relocation for
a new job, compared to what would be expected from the
model predictions alone. For this, we computed the percent-
age error as a measure of the discrepancy between the pre-
dicted and observed values. Figure 7A shows the percentage
error divided into quintiles, ranging from observed values
much lower than predicted (in blue) to observed values much
higher than predicted (in red). As an illustrative example, the
United Kingdom turns out to be a much more attractive lo-
cation for a new job for individuals in Italy and Spain than
predicted by the model, while it is less attractive (relatively
speaking, with reference to baseline model predictions) for
individuals in Germany, the Netherlands, and Sweden. Some
countries are relatively more attractive than predicted. This
is the case for example of Italy, Spain, Germany, Portugal,
Switzerland, and Austria. Conversely, other countries, such
as the Netherlands, Belgium, Poland, Sweden, and Romania,
are much less attractive according to the observed data than
to what is predicted by the model. Furthermore, we observe
a number of country pairs exhibiting relatively similar high
reciprocal attractiveness, such as Italy and United Kingdom,
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Figure 7: Percentage error between predicted and observed
values of LinkedIn users open to relocate between origin
(y-axis) and prospective destination (x-axis) countries (A)
and European regions (B). Countries are sorted according
to LinkedIn population size. Each cell is colored based on
the quintile of the percentage error, with observed values
much lower than predicted in blue and observed values much
higher than predicted in red (grey indicates no data).

.

Sweden and Portugal, and France and Luxembourg.
Figure 7B shows the quintiles of percentage error when

we aggregate the potential flows at the level of European
regions. Here we observe that Southern Europe is the most
attractive job location for individuals from all European re-
gions. This means that, while, in absolute terms, the number
of LinkedIn users open to relocate to Southern Europe is rel-
atively small, after we account for differentials in LinkedIn
and internet penetration rates, and other key explanatory fac-

tors included in the gravity model, Southern Europe appears
to be a highly desired destination in relative terms. By con-
trast, Eastern Europe is much less attractive for individuals
in Western and Southern Europe. Western Europe results to
be much more attractive solely for individuals in Southern
Europe. Note that in this spatial aggregation not all Euro-
pean regions are fully represented as the network is sparse.

Discussion
The aim of this work was to identify the utility and limi-
tations of a novel LinkedIn dataset as a proxy for study-
ing migration aspirations of professionals in Europe. For
this, we leveraged a previously untapped data source, via
the LinkedIn Recruiter platform, and collected aggregate-
level data on LinkedIn users’ openness to work-related inter-
national relocation. These represent potential future migra-
tion flows. The resulting dataset consisted of unique bilateral
flows across 28 European countries during the time period
between October 2020 and September 2021. We used these
data to build an origin-destination matrix of cross-national
openness to relocation. This allowed us to identify coun-
tries as more (or less) attractive in terms of future poten-
tial migration. As a form of standardization, we then em-
ployed a gravity-type model to assess the relative attractive-
ness of countries. For this, we largely followed the state-of-
the-art modeling approach proposed by (Cohen et al. 2008)
and modelled migration flows as regulated by a number of
factors that may generally affect openness to move from one
country to another, namely, LinkedIn population density, ge-
ographic and linguistic distances, and internet penetration
differences. Our model thus offers a baseline to which we
compare the observed LinkedIn values to assess the rela-
tive importance of these factors in shaping potential future
flows of professionals in Europe and the relative attractive-
ness across European countries.

Our findings show that countries in Northern and West-
ern Europe are the most attractive ones for LinkedIn users
open to work-related relocation, with about 60% of potential
incoming flows, followed by Southern Europe with about
40% and Eastern Europe with only 30%. The composition
of the flows in terms of origin and destination locations is
very diverse. For example, looking at the potential mutual
exchange of job seekers between Western and Northern Eu-
rope, roughly 20% would relocate from Western to Northern
Europe, while less than 10% would relocate from Northern
to Western Europe. By contrast, much more LinkedIn users
from Southern Europe would be open to relocate to Western
Europe (about 30%) than to Northern Europe (about 20%).
Additionally, we found large differences in the openness
of LinkedIn job seekers to relocate to a country within the
same European region where they are currently located. This
range from over 25% for Western Europe, 15% for Northern
Europe, over 10% for Southern Europe, and less than 10%
for Eastern Europe.

A gravity-type model accounts for a large component
of the variability in the observations. We consider the pre-
dictions of the model as baselines for what we would ex-
pect to see in the data, after controlling for key variables
like LinkedIn and internet penetration rates. Comparing the
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actual LinkedIn observations with the respective predicted
values confirms that Eastern Europe remains a relatively
unattractive destination. On the other hand, Southern Europe
appears to be more attractive than what it seemed based only
on descriptive trends. It is unclear what drives this demand.
We may speculate that this could be partially the result of la-
bor migrants from Southern Europe, living in other parts of
Europe, who are open to returning to their home countries if
opportunities arise. Future research, potentially including a
combination of passively-collected data and survey data, is
needed to shed more light into these patterns.

Limitations and Challenges
The data that we presented here fill a niche, by offer-
ing large-scale, repeated, and non-reactive measurements of
people’s openness to relocate to other countries during job
search. These advantages notwithstanding, these data also
come with some limitations and challenges. First, as any
online social media platform, LinkedIn’s user population is
not representative of the general population, and our sample
could be potentially biased due to self-selection and non-
representativeness. Attention to what types of data are used
and who is represented in the data are indeed critical to
avoid limiting the validity of conclusions drawn. In Figure 2,
we showed that the LinkedIn population sample is in good
agreement with the general population in each country. Ad-
ditionally, in our analyses we used normalized flows based
on the population sampling ratio in order to correct for po-
tential differences between the LinkedIn populations and the
general populations. We also went further by assessing the
observations against benchmark predictions from a gravity
model in order to filter out biases related to differentials in
variables like LinkedIn and internet penetration rates across
countries. However, accounting for all possible biases, in-
cluding those related to unobservable characteristics and de-
sires, is beyond the scope of this article.

The second set of limitations pertains to the way the re-
cruiting platform is designed, inevitably affecting our data
collection and potentially hindering scalability and/or re-
producibility of this methodology as the data source might
change at LinkedIn’s discretion. First of all, the top 75 cut-
off in the origin locations that are returned for each target
destination location represents another source of bias toward
countries with higher LinkedIn populations. We addressed
this issue by considering only those country pairs that have
bilateral “flows” of job-related openness to migration, thus
drastically reducing the size of our dataset and inevitably
losing information pertaining to smaller countries. Addition-
ally, the LinkedIn Recruiter platform does not allow us to
directly search for users by age, gender, or nationality, as
a necessary precaution to avoid specific discrimination in
hiring practices. This represents a limitation in our analy-
sis, as previous studies have shown age- and gender-specific
patterns in high-skilled migration (d’Aiglepierre et al. 2020;
Kashyap and Verkroost 2021), and hinders the potential use
of ad-hoc post-stratification weights that would be relevant
to approximate a representative sample of the general popu-
lation, at least in the central demographic variables.

Lastly, although the data collected from the LinkedIn Re-
cruiter platform allow us to identify potential future migra-
tion flows across countries, these data alone are not enough
to link those who expressed a migration desire and those
who actually migrate. However, previous studies showed
that the number of people planning to migrate is a good pre-
dictor of actual flows of people and are critical to help de-
velop migration scenarios and forecasting models (Tjaden,
Auer, and Laczko 2019; Laczko, Tjaden, and Auer 2017).

Conclusions and Future Work
Our study contributes to improving our understanding of mi-
gration aspirations of professionals in Europe. To the best
of our knowledge, our study represents the first initial step
to characterize international migration aspirations from on-
line social media data and contributes to reducing the data
gap in migration potentials. We showed the utility and lim-
itations of leveraging a novel LinkedIn dataset for studying
job-related openness to international migration and how the
relative attractiveness between European countries can be
quantified by means of a gravity-type model. More recent
efforts have been made in the modeling of migration flows
using various adaptations of the gravity and radiation mod-
els (Simini et al. 2021; Lucchini, Tonelli, and Lepri 2019;
Beiró et al. 2016). Comparing the outputs obtained from dif-
ferent modeling approaches is beyond the scope of this arti-
cle, but we consider it an important aspect, that we will ex-
plore in future work, to assess their relative predictive power.
Future work will also delve into other additional country-
level factors driving attractiveness amongst job-seekers and
shaping cross-national migration flows, including the socio-
demographic and educational features that we can collect
from the recruiting tool (e.g., industry category, years of
experience, skills). While here we focused on specific fac-
tors related to geographic and linguistic distances, in future
work we will explore other factors that may be relevant in
the decision-making process when considering to migrate
to another country, such as socio-economic or environmen-
tal factors. At the same time, more in-depth validations of
the LinkedIn data against survey data is needed in order to
assess the added value of this tool for use in demographic
research. Much of the recent literature investigating poten-
tial migration aspirations is based on the Gallup World Poll
that every year conducts nationally representative surveys in
over 160 countries and provides an indication of migration
intentions and preparations (Migali and Scipioni 2018). Mi-
cro data from the Gallup World Poll are proprietary data and
highly expensive to purchase. We could not access this data
source, and the survey results from Gallup are not immedi-
ately comparable with the ones of LinkedIn data. However,
we expect that future research could focus on combining the
two sources in order to improve our understanding of trends
and nuances for migration aspirations.
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