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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 research. This article improves our understanding of
migration aspirations of professionals in Europe by leveraging a previously untapped data
source: aggregate-level information on LinkedIn users open to work-related international
relocation, accessed through the LinkedIn Recruiter platform. We collected 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 standardization technique, based on gravity models of
migration, in order to account for a number of biases in the data, including uneven use
of LinkedIn across countries. We found that, in absolute 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 Southern Europe (about 40%) and
Eastern Europe (30%). We also observed substantial heterogeneity in directionality of
aspirations: 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 penetration, 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 actual flows, should more opportunities for professionals
arise in Southern Europe.

∗Please cite as: Perrotta, D., Johnson, S. C., Theile, T., Grow, A., Valk, H. de, Zagheni, E. (2022). Openness
to Migrate Internationally for a Job: Evidence from LinkedIn Data in Europe. Proceedings of the International
AAAI Conference on Web and Social Media, 16(1), 759-769

1



Introduction

International migration is an important phenomenon with measurable demographic conse-
quences. Much migration research, 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 [40]. Re-
cent theoretical advances emphasize a “two-step” approach to the study of migration, called the
“aspiration-(cap)ability” framework, in which the decision-making process prior to migration
is separated from the migration event (or lack thereof) [10, 12]. In addition to this theoretical
framework, the number of surveys that focus on people who have a migration “aspiration” has
increased over the last decade. This has enabled researchers to improve on various dimensions
of the aspiration-(cap)ability framework [4].

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 specific
dimension of a person’s migration aspirations are often tailored to a single research question
and therefore query only one dimension of a person’s migration aspirations. Second, they tend
to be limited in time and space, as they are often cross-sectional and geographically restricted
(a recent review found only 7% of them are multi-regional [9]). Third, while potentially repre-
sentative of the general population, they often lack inter-survey comparability (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 relocation, as obtained from the LinkedIn Recruiter platform. Compared to tradi-
tional survey data, the LinkedIn data that we employ here to study openness to migration (1)
are continuously available, (2) have consistently defined variables across 24 different languages,
and (3) provide a global snapshot of openness to migration as recent as the latest update to a
person’s LinkedIn profile. Furthermore, rather than directly asking a person about their migra-
tion preferences, we capture routine job-seeking behaviors, thereby avoiding reactive 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 openness 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 “aspirations” 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 relative attractiveness of certain countries by means of a gravity-type model, that controls
for a set of geographic and linguistic factors that may generally affect openness to move from
one country to another [11]. 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 interesting case study, due to the establishment of
free movement 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.
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Background

Migration is a complex, heterogeneous and selective process. 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 societies, 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 integrating 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
people, including through the implementation of planned and well-managed migration policies”
(target 10.7). This is consistent with the Global Compact for Safe, Orderly and Regular
Migration, which was adopted by the majority of UN Member States on December 10, 2018.
The Global Compact marked the first time that Heads of State and Government 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” [19] 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 interventions,
our ability to measure and predict migration and mobility remains limited. One of the main
factors that hinders the advancement of our understanding of migration in human populations
and the further development of theoretical 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 generalized understanding of migration
processes. A classic example of these efforts is Ravenstein’s Laws of Migration [29] that, among
others, introduced the concepts of push and pull factors in migration. Contributions 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 migration [23], the theory of
mobility transition [46], neo-classical migration theory [17], dual labor-market theory [28], new
economics of labor migration theory [34], and the cumulative causation theory [25]. More re-
cently, with some exceptions, migration research has moved away from comprehensive theories
and has focused on more specialized studies [12]. This has partially contributed to the con-
solidation of a number of divides. They include the divide between international and internal
migration [32], the divide between micro and macro processes [8], as well the divides related to
the temporal scale for the analysis of long-term (or permanent) migration versus short-term (or
onward) mobility [16]. These divides cut across broad lines of literature, including the ones that
investigate the relationship between migration and development, the role of social networks for
the initiation and continuation of migration processes, and the relationship between long-term
trends versus sudden shocks or discontinuities in shaping migration corridors [25].

To advance our theoretical understanding of migration, to better understand and explain
migration patterns, as well as to improve our predictive capacity, requires combining all available
data on migration flows with theoretical knowledge about migration. Quantitative information
on inflows and outflows of migrants is fundamental to understand drivers and consequences of
migration. Inflows and outflows are part of the so-called basic demographic equation, on which
all more complex demographic models are built. However, in practice, due to lack of data or
data quality issues, inflows and outflows are often simplified in demographic accounting and
modelling.
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In the European context, the most comprehensive collection of data on migration flows is
maintained by Eurostat, which publishes official statistics that it receives from national statisti-
cal offices. These data collections rely on censuses, surveys and national administrative sources,
which include population registers, border data collection systems and visas, residence permits,
and/or work permits. The quality of the data depends on the country’s migration/registration
procedures, the legal incentives for registering the migration event, and the methodologies used
by national statistical offices to measure migration. While these data are comparatively bet-
ter than in other parts of the world, they suffer from inadequacies that drastically limit their
usefulness. 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. Eurostat provides flows from Poland to
Germany and from Germany 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 limitations related to
administrative data and lack of a comprehensive view that combines multiple sources to assess
migration 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 several 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 migration flows [39]. 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 migration
flows [41]. Key methodological innovations included the use of Bayesian statistical models [30],
the combination of administrative data and survey data [42], as well as indirect approaches
to estimate flows from migrant stocks [1, 5]. This important line of research has developed
practices to assess data quality and to address data imperfections through statistical modelling.
Expert opinions as well as qualitative information, assumptions or theoretical considerations
are incorporated into the models via the use of Bayesian methods and appropriate approaches
for elicitation of information, like the Delphi method.

In the last decade, a second line of research on migration 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. Following a pioneering study using e-mail data and IP geolocation to estimate
international migration flows [44], new approaches to study migration and mobility that rely
on social media data have emerged. They include the development of methods to use Twitter
data to assess the relationship between short-term mobility and long-term relocations [15, 16], or
to infer international migration [43]. Historical information from Wikipedia have been used to
understand the role of migrations and international collaborations in the context of innovation
and cultural development [24]. Facebook data have been used to assess the impact of natural
disasters on short-term mobility [2], and, more broadly, to quantify international mobility [33,
45]. In addition to that, Facebook data have been combined with existing survey data within a
Bayesian hierarchical model to produce estimates of migration stocks in the United States [3].

As part of this ‘data revolution’, LinkedIn data has been used to measure migration flows
of professionals to the United States [35]. Our article builds on, and advances, this broad
line of literature that aims at complementing traditional sources with social media data for
the study of migration. More specifically, it goes one step further 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 potential demand for international
relocation. Measuring openness to migration is the first step towards assessing the link between
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aspirations and actual outcomes. As far as the authors know, there have not been previous
attempts at using social media data to estimate proxies for migration aspirations. We hope
that this article would stimulate productive collaborations across scientific communities to fully
leverage 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 professionals with each other and to new job opportunities. Within LinkedIn, the so-
called Recruiter platform enables recruiters from subscribing companies to identify potential job
candidates 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 directly 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 latter 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 referring to the concept of
migration aspirations in the literature, but more accurately reflecting the definition used on
LinkedIn.

Data Collection

We collected data from the LinkedIn Recruiter platform regularly 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 in-
ternationally. 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 illus-
trative example, a single search would collect the number of LinkedIn users open to relocating
to Germany (but currently not located in Germany) stratified by their current location. Note
that while the spatial resolution of the prospective job location can be specified in the input
field as desired (e.g. country), the spatial resolution of the current job locations may vary
from metropolitan area up to the country level and cannot 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 individuals is impossible. The data were collected purely for scientific pur-
poses using the LinkedIn Recruiter Platform, accessible 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 resolution 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
Germany).
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Fig. 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, ranging from nearly 30 million users in the United
Kingdom to approximately 150 thousand users in Iceland.

.

Fig. 2. Relationship between the LinkedIn population sample (averaged across query dates)
and the general population 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 correla-
tion coefficient between the two datasets is ρ = 0.9, p < 10−11.

.
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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 resulting data collection varies considerably across countries and query dates.
Figure 1 shows the variability in the number 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 locations due to this top
75 cutoff. On the other hand, countries with higher numbers of LinkedIn users, such as the
United Kingdom, France, Italy, Spain, and Germany, are substantially 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 having both bilateral “flows”, wij and
wji, 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 relocation 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 [36]). This way we correct for potential
biases due to under- or over-sampling the population, although population 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 relocation 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 revealing 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 =

∑
iwij 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 leaving the country. This is the case, for example, for Luxembourg
(LU), Switzerland (CH), and the Netherlands (NL). On the other hand, when win < wout it
means that the country 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 proportion of
LinkedIn users open to relocation between two countries, aggregated to European regions. Here
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Fig. 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 represents the
normalized flows wij (grey indicates no data). Countries are sorted according to LinkedIn
population size.

.

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

.
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Fig. 5. Chord diagram showing the number of LinkedIn users open to relocation between two
countries, aggregated 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 nearest thousand. Each region’s
N represents the total prospective 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.

.

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.

The fact that we have been collecting data repeatedly makes it possible to explore potential
changes in migration 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 destina-
tion countries having highest variation over time. We observe, for example, that Romania has
the highest increase in migration desires from LinkedIn users located in Germany (over 60%),
Austria (over 50%) and Belgium (over 30%), potentially 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.
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Fig. 6. Percent change in the flows wij from the origin country, A) Germany, B) Austria,
C) Belgium, D) the Netherlands, E) Poland, and F) Romania, to the corresponding 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.

.

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 between two countries.
We therefore use a modeling approach as a form of standardization to assess the relative at-
tractiveness 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 country to another. For this, we largely follow the state-of-the-art gravity-
type model proposed by [11]. In general, the gravity model assumes that the number of people
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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 gravity model based
only on geographic and demographic independent variables to project international migrations
across countries [11]. Following the same methodology, here we estimate the expected number
of users Nij open to relocating from their current country i to a prospective destination country
j using the following equation:

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 numbers of LinkedIn users in countries i
and j, Dij is the their distance, Ai and Aj are the area of countries in km2 excluding area under
inland waters and coastal waters in 2017 [14], Ii and Ij are the proportions of the population
using the internet in 2019 [37], and Lij is the probability that two people in countries i and
j understand a common language [26]. 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 distributions
in different countries.1

The linear model is fitted with the dependent variable log(Nij) as the median country-level
bilateral flows collected 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 information 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 1 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 relocation increases with increasing LinekdIn
user size of both origin (r=0.567) and destination (r=0.626) country, increasing area of origin
country (r=0.332), increasing internet penetration in the destination country (r=0.561), and
increasing probability of understanding a common language (r=0.375). Correlations with the
population-weighted distance between countries, area of the destination country, and internet
penetration of the current country, are insubstantial. Log LinkedIn user size and log area
were correlated for origins (r=0.488) and destinations (r=0.494). Because 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

1 The geodesic distance is calculated using the following expression:

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 [6]; and dij is the geodesic distance between two cities.
The calculation of the d relies on the commonly used World Geodetic System 84 reference ellipsoid [18, 20].
There are, at most, 50 cities included for each country; if a country has fewer than 50 cities, all available
cities are included.
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Table 1. Resulting coefficients and statistics of the free parameters in the gravity model of Eq.
1 as obtained by applying 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.

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

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 population density
of LinkedIn users between countries, their geographic and linguistic distances, and internet
usage differences. We therefore compared the observed and predicted values of LinkedIn users
open to job-related relocation 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 percentage error as
a measure of the discrepancy between the predicted 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 location 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, 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 regions. This means that, while, in absolute
terms, the number of LinkedIn users open to relocate to Southern Europe is relatively small,
after we account for differentials in LinkedIn and internet penetration rates, and other key
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Fig. 7. Percentage error between predicted and observed values of LinkedIn users open to re-
locate 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).

.
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explanatory factors included in the gravity model, Southern Europe appears to be a highly
desired destination in relative terms. By contrast, 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 European regions are fully represented as the network is sparse.

Discussion

The aim of this work was to identify the utility and limitations of a novel LinkedIn dataset as
a proxy for studying 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 international relocation. These represent
potential future migration 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 countries as more (or less) attractive in terms of future potential
migration. As a form of standardization, we then employed a gravity-type model to assess the
relative attractiveness of countries. For this, we largely followed the state-of-the-art modeling
approach proposed by [11] 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, geographic and linguistic distances, and internet penetration differences.
Our model thus offers a baseline to which we compare the observed LinkedIn values to assess
the relative importance of these factors in shaping potential future flows of professionals in
Europe and the relative attractiveness across European countries.

Our findings show that countries in Northern and Western 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
Europe, 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 predictions of the model as baselines for what we would expect to see in the
data, after controlling for key variables like LinkedIn and internet penetration rates. Comparing
the 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 labor 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.
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Limitations and Challenges

The data that we presented here fill a niche, by offering 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. Additionally, in our analyses we used normalized flows based on the population
sampling ratio in order to correct for potential 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, including those related to unobservable characteristics and desires, is beyond
the scope of this article.

The second set of limitations pertains to the way the recruiting platform is designed, in-
evitably affecting our data collection and potentially hindering scalability and/or reproducibility
of this methodology as the data source might change at LinkedIn’s discretion. First of all, the
top 75 cutoff in the origin locations that are returned for each target destination location repre-
sents 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. Additionally, 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
[13, 21], and hinders the potential use of ad-hoc post-stratification weights that would be rele-
vant to approximate a representative sample of the general population, at least in the central
demographic variables.

Lastly, although the data collected from the LinkedIn Recruiter platform allow us to identify
potential future migration 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 predictor of actual flows of
people and are critical to help develop migration scenarios and forecasting models [22, 38].

Conclusions and Future Work

Our study contributes to improving our understanding of migration aspirations of professionals
in Europe. To the best of our knowledge, our study represents the first initial step to char-
acterize international migration aspirations from online social media data and contributes to
reducing the data gap in migration potentials. We showed the utility and limitations of lever-
aging 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 models [7, 24, 31]. Comparing the
outputs obtained from different modeling approaches is beyond the scope of this article, but
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we consider it an important aspect, that we will explore 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 factors 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 environmental 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 potential 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 prepara-
tions [27]. Micro 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 immediately 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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