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Abstract
Although up-to-date information on the nature and extent of migration within the

European Union (EU) is important for policymaking, timely and reliable statistics on

the number of EU citizens residing in or moving across other member states are

difficult to obtain. In this paper, we develop a statistical model that integrates data

on EU migrant stocks using traditional sources such as census, population registers

and Labour Force Survey, with novel data sources, primarily from the Facebook

Advertising Platform. Findings suggest that combining different data sources pro-

vides near real-time estimates that can serve as early warnings about shifts in EU

mobility patterns. Estimated migrant stocks match relatively well to the observed

data, despite some overestimation of smaller migrant populations and underestima-

tion for larger migrant populations in Germany and the United Kingdom. In addition,

the model estimates missing stocks for migrant corridors and years where no data

are available, offering timely now-casted estimates.

Keywords
bilateral migrant stocks, European Union, social media data

Introduction
The freedom of movement within the European Union (EU) forms a central compo-
nent of the European common market and has contributed greatly to increasing the
number of European migrants both leaving and arriving in other EU member
states. Intra-EU migration has had several wide-reaching impacts on the economy,
society, and demographic compositions in member states (Dustmann, Glitz and
Frattini 2008; Barrell, FitzGerald and Riley 2010; Sobis, Junjan and de Vries
2016). To monitor the migration patterns and trends effectively, countries are
legally required to provide data on both the number of migration events (flows)
and the size of migrant populations (stocks) each year (Regulation No. 862/2007
of the European Parliament and of the Council). However, European migration sta-
tistics have several shortcomings, such as varying levels of accuracy due to the use of
a range of data collection mechanisms implemented in EU member states, biases due
to underreporting of migrants (e.g., Raymer et al. 2013), and missingness. In this
article, we develop a method to combine published migration statistics on migrant
stocks with data from other traditional sources including censuses and Labour
Force Surveys (LFS), as well as new forms of data, specifically the audience size
data on migrant populations taken from the Facebook Advertising Platform. Using
a hierarchical Bayesian model, we utilize the strengths of each data source to
provide timely (i.e., compensating for a publication lag of official migration statis-
tics) estimates with uncertainty (i.e., with predictive intervals, Bayesian counterparts
of confidence intervals) of the size of migrant populations in every EU country.
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Migration statistics to monitor the changing patterns and trends in the number of
migrants within the EU are published regularly by Eurostat, the statistical office of
the EU. These data are supplied to Eurostat from the statistical agencies of each
member state. Typically, there is a publication lag of around one year (for stocks) to
two years (for flows) of data on the size and composition of migrant populations in
each country. The quality of data provided to Eurostat varies. For example, countries
that do not have population registers may struggle to provide accurate estimates of the
size of migrant populations in comparison to countries with robust registers
(Kupiszewska and Nowok 2008; Raymer et al. 2013; Willekens 2019). Further,
several countries do not regularly provide estimates on migrant populations, especially
with detailed information on country of origin, due to a lack of relevant infrastructure in
their statistical systems. Publication lags, varying levels of accuracy in available data
and missingness problems combine to provide an incomplete picture on the distribution
of European migrants within Europe. In turn, this impacts the creation of effective pol-
icies related to migrants. For example, during the recent COVID-19 pandemic, spe-
cially released data from Google on aggregated mobility based on users’ location
histories were used to study European population mobility (e.g., Askitas, Tatsiramos
and Verheyden 2021; Drake et al. 2020; Lai et al. 2021) rather than official statistics
from Eurostat that were unavailable during the period of concern.

To provide a better understanding of migration patterns in Europe, several
attempts have been made to develop statistical models for harmonizing and imputing
missing data. The estimates from these models were to produce a more comprehen-
sive picture on annual European migration flows than the official statistics published
by Eurostat (Abel 2010; De Beer et al. 2010; Raymer, De Beer and Van der Erf 2011;
2013; Wiśniowski et al. 2013). There have been fewer attempts to develop compre-
hensive estimates on annual European migration stocks, the focus of this paper. For
example, Bijak and Kupiszewska (2008) created a method to adjust and complete
Eurostat origin-destination migrant stock data between 2002 and 2006 but did not
seek to provide up to date estimates to compensate for the publication lag.

The emergence of the Internet and data generated that trace the mobility of users
from a variety of private companies has allowed for the analysis of more current pat-
terns of migration than previously possible. The range of data sources to monitor
migration flows is particularly numerous, including geotagged information from IP
addresses of Yahoo Email users (Zagheni and Weber 2012; State, Weber and
Zagheni 2013), Google Location History (Ruktanonchai et al. 2018), geo-located
data from CouchSurfing (Pultar and Raubal 2009), Flickr (De Choudhury et al.
2010), LinkedIn (State et al. 2014), and Twitter (Hawelka et al. 2014; Lenormand
et al. 2014; Zagheni et al. 2014; Fiorio et al. 2017; 2020; Mazzoli et al. 2020).
Additionally, several European Commission reports (Hughes et al. 2016; Spyratos
et al. 2018; Gendronneau et al. 2019) have assessed the feasibility of incorporating
big data sources (including social media) in estimating international migration.

New types of migration data have also been proposed for monitoring of the inter-
national migrant stocks, for example, by using data on audience sizes of foreign users
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in different countries derived from the Facebook Advertising Platform (hereinafter
Facebook data) (Zagheni, Weber and Gummadi 2017; Spyratos et al. 2019;
Rampazzo et al. 2021; Culora et al. 2021). Specifically, Rampazzo et al. (2021)
developed a Bayesian hierarchical model that combined Facebook data with LFS,
corrected for measurement errors and imputed missing data, to estimate stocks of
migrants in the United Kingdom. Their approach was similar to the one undertaken
by Raymer et al. (2013) and Gendronneau et al. (2019). Culora et al. (2021) used
Gaussian processes to forecast stocks of migrants reported by Eurostat for
European countries and in the American Community Survey (ACS) for the USA
states without corrections for inadequacies in the traditional data sources. Further
examples of the use of migrant stocks from new data sources have been developed
for migration outside of the EU. Alexander, Polimis and Zagheni (2022) used
Facebook data in combination with the ACS to develop a model to now-cast foreign-
born migrant populations in the USA. Palotti et al. (2020) explored the use of
Facebook data to estimate numbers of refugees and migrants from Venezuela at
both national and subnational levels. Similarly, Rampazzo and Weber (2020) inves-
tigated the availability of Facebook data for monitoring migration within Africa.

The main contribution of this article is a methodological innovation in producing
migrant stock estimates that are relevant to policymakers. While migration flows data
are relevant to measure the impact of policies related to demographic change, migra-
tion patterns and trends, migrant stock data are more suitable for addressing policies
related to the migrant populations and their characteristics. In this article, we extend
and apply previous modeling efforts to combine both traditional and new migration
data sources for the estimation of origin-destination (bilateral) foreign born migrant
stocks among 28 EU countries (including the United Kingdom). In particular, we
extend the works by Gendronneau et al. (2019) and propose a Bayesian hierarchical
model as a general framework to estimate, with measures of uncertainty, timely, com-
plete and harmonized foreign-born European populations in each country. We test
the sensitivity of our estimates to the assumptions made in Gendronneau et al.
(2019). We utilize a range of available data sources, including national censuses,
population registers, LFS, and Facebook. The use of a Bayesian hierarchical
model allows for the borrowing of information from each of the data sources
across time and among countries. We also specify a range of biases and accuracies
for each data source and at each time point by using informative prior distributions.
These prior distributions enable the model to compensate for the various strengths
and weaknesses of each data source and hence their influence on the final estimates.
For instance, we assume that census data are typically the most accurate and with the
smallest bias, Facebook-derived stock data are heavily biased, whereas LFS are
subject to largest inaccuracy due to sampling errors. Our model adapts previous
Bayesian hierarchical models developed for integrating migration flow data to
migrant stock data for the first time. Incorporating data from a range of sources
allows us to generate estimates with uncertainty for both current and future levels
of migrant stocks in each EU country. The estimates from our model provide a
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complete picture of level and changes in adult annual origin-destination foreign-born
migrant populations within the EU not previously available.

In the next section, we provide a detailed overview of the potential data sources for
estimating foreign-born European migrant stocks in the EU. These assessments are used
as the basis for the development of informative prior distributions for the measurement
layer of our Bayesian hierarchical model. The full model, which utilizes these informa-
tive priors to harmonize data from various sources, is outlined in the third section. Next,
we provide an overview of the results from the final model when applied to estimate the
annual origin-destination migrant stocks in the EU between 2011 and 2019. In the pen-
ultimate section, we carry out validation exercises to assess how well our estimates
reflected reality. In the final section, we discuss the results in a wider context in reference
to the usefulness of our estimates, as well as future modeling and data developments for
obtaining origin-destination migrant stock data for the EU.

Data Sources
In this section, we outline different data sources that are available for the measurement
of bilateral migrant stocks in Europe, based on the sizes of migrant populations cross-
classified by their country of birth and country of residence. We divide the data sources
into two groups: traditional data sources and novel data sources. For each data source
we comment on their strengths and weakness that are summarized in Table 1. These
data characteristics feed into our model specification (in the next section) to provide
estimates of harmonized EU bilateral migrant stocks. Further, in Table 2, we
provide an overview of the availability of data in each source, broken down by
origin (country of birth), destination (country of residence), and years in Table 2. In
Annex, we present in more detail, the availability of data for each country (Figure 10).

Traditional Data Sources
There are three main sources of traditional data on bilateral migrant population sizes
in each EU country; national censuses, data provided to Eurostat by national statis-
tical offices and the European LFS. We obtained harmonized population and housing
census data from the Eurostat Census Hub (Eurostat 2018a). These are, at the time of
writing, the most recent census data available from Eurostat. Migrant population data
are obtained from the published statistics based on replies to census questions on
country of birth in each EU country. As censuses are comprehensive data sources
that collect information at detailed geographic levels, they are considered as the
most reliable source of population counts (Eurostat 2011; Baffour, King and
Valente 2013), providing a representative and unbiased quantification of migrant
populations. However, they are costly, labor-intensive and usually carried out only
every ten years, and consequently published migrant stocks data based on censuses
become less accurate during the interval between censuses. In addition, when consid-
ering migration within the EU, countries employ different methods to collect census
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Table 1. Summary of Strengths and Limitations of the Data Sources on Migrant Stocks in the

European Union.

Sources Strengths Weaknesses

Census Complete coverage;

unbiased

Only available every 5 or 10 years

Eurostat Available every year;

good coverage

Data for some countries are

missing or added later in time;

Registers tend to

underestimate migration

within EU;

Countries have different

definitions and different time

criteria

LFS Timely availability (continuous survey) Different sampling designs;

Not compulsory in some

countries;

High variance due to small

sample sizes;

Missingness

Facebook

MAU

Timely availability;

Fair coverage (compared to LFS);

Granularity (i.e., detailed characteristics

of the population including being

available on a daily basis)

Biased;

Data for some countries are

missing;

Rounded to two significant

digits;

Categories with less than 1000

users are not available;

Black box (lack of

transparency);

Changes in the algorithm

Facebook

DAU

Timely availability (daily);

Fair coverage (compared to LFS);

Granularity;

Numbers are not rounded like Facebook

MAU

Biased;

Data for some countries are

missing;

Black box (lack of

transparency);

Changes in the algorithm

Table 2. Data Availability for Each Source.

Source Total O×D O×D x Y Missing percentage

Census 598/756 27× 24 27× 24× 1 21%

Eurostat 3,346/6,048 28× 19 28⍰⍰× 19× 8 45%

LFS 174/1,512 24× 16 24× 16× 2 85%

Facebook MAU 1,752/3,024 26× 28 26× 28× 4 42%

Facebook DAU 1,226/1,512 26× 28 26× 28× 2 19%
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data, such as traditional, register-based and rolling censuses, and apply various ref-
erence dates when defining their resident populations (UNECE 2014).

Eurostat publishes annual migrant population counts by country of birth for each
member state at the beginning of each year, from data provided by the national statis-
tical offices. These bilateral data are not provided by every member state and when they
are published, they typically have a time lag of up to two years. We use population
counts on January 1 by country of birth (“mig_pop3ctb” dataset) for years between
2011 and 2018 (inclusive). Within the Eurostat migrant stock data, there is no consen-
sus among countries on the measurement of how a person is defined to be part of a
member state’s residence population. While the Conference of European
Statisticians has recommended using the place of usual residence to measure the pop-
ulation of a country (Lanzieri 2014), only 23 countries use usual resident population
definition. Meanwhile, 11 countries use the registered population definition, and six
countries use a legal population definition (Eurostat 2015; 2020). Additionally, there
are further variations between countries on the time criteria used to consider persons
as member of the population (Gendronneau et al. 2019: Tables 4 and 5).

Data extracted from the results of the European LFS in 2016 and 2017 allow for
estimations of migrant population sizes based on weighted respondents’ answers, dis-
aggregated by their member state of residence and country of birth. Migrant stock
data from the LFS also have several caveats. First, they are based on a range of sam-
pling frames that differ across countries. Second, the participation in the survey is
compulsory only in 12 EU member states, which leads to nonresponse issues
(Eurostat 2016). Third, due to privacy concerns, data cross-classified by country of
birth with small counts of observations are removed from the LFS outputs. The
thresholds of what constitutes a small count vary among countries, but typically,
only respondents born in countries with large foreign populations are provided.1

Consequently, estimates of migrant populations from countries with relatively
small overseas populations and LFS samples, such as Bulgaria, Croatia, Latvia,
Lithuania, and Malta (but not Luxembourg), are affected. Overall, LFS estimates
of migrant populations in 85 percent of the migrant corridors (origin-destination
combinations) are missing (see Table 2).

Novel Data Sources
In addition to traditional migrant population data sources, we also collected data on
migrant population sizes in each EU country based on the number of Facebook
Monthly Active Users (MAU) and Daily Active Users (DAU) data. Facebook user
data are publicly available via Facebook Marketing Application Programming
Interface (API), which was created to allow advertisers to obtain audience size

1https://ec.europa.eu/eurostat/statistics-explained/index.php?title=EU_labour_force_survey_
%E2%80%93_data_and_publication#Publication_guidelines_and_thresholds
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information for their potential advertisement campaigns based on the specific charac-
teristics of users that they wish to target (Facebook 2020). One target characteristic
that has previously been fruitful for quantifying migrant populations is the “Lived In
country X (formerly Expats—Country X)” field in the Facebook Marketing API;
Palotti et al. (2020, 33) provide a more in-depth overview of the Facebook data col-
lection in relation to migrant populations. For our study, we used the audience size of
MAU data between 20162 and 2019 and DAU data for 2018 and 2019 based on the
“Lived In country X (formerly Expats—Country X)” fields, for migration popula-
tions from each EU country in all other EU countries.

Facebook data are available on a continuous basis, allowing for the capture of
changes in trends in migrant stocks almost immediately, unlike the traditional
migrant data sources discussed previously. There are notable drawbacks to
Facebook user data for representing the size of migrant population groups. First, as
Facebook users are not representative of usual resident population, the audience size
numbers do not provide an unbiased estimate of migrant stocks and require calibration.
Second, the provision and format of the data shared via API can be changed overnight.
For example, in March 2019, Facebook changed their algorithm to identify expats
based on a number of criteria (such as login location, user-provided information,
groups joined), creating a discontinuity in the MAU and DAU time series.
Additionally, since February 26, 2018, the published MAU estimates are rounded to
two significant digits for numbers above 1,000 (Spyratos et al. 2018). Thus, in our
case, the MAU estimates for categories with fewer than 1,000 users were no longer
provided. We mitigated this issue by issuing data requests to the API for combinations
of groups of “Lived in” countries and subtracting desired results—for details see
Gendronneau et al. (2019: Box 2). As DAU data were only truncated at 20, rather
than 1,000, we were able to capture migrant populations of smaller sizes. Third, we
interpret the “Lived in” status used by the Facebook Marketing API as a proxy to
origin country (as have multiple previous authors who have also used Facebook
data to monitor migrant population). However, it is unclear how well the approxima-
tion holds, and the precise mechanism used by Facebook to determine their audience
sizes. According to Herdağdelen et al. (2016), the “Lived in” status is determined using
the self-reported “current city” and “hometown” populated in the “places you have
lived” of users’ Facebook profiles, which is then validated by using the network struc-
ture of Facebook friends of each user. Spyratos et al. (2018) also conducted an online
survey and found that both “country of home town” and “country of previous resi-
dence” might determine the way Facebook algorithm assigns “Lived in” country to
users. Other attributes, such as geo-tagged information, might also be utilized.

As audience data from Facebook cover users aged 13 or above, we restricted our
data collection to migrant populations aged between 15 and 64. This was mainly to

2The estimates for 2016 and 2017 were originally collected for previous research, and the data
were shared by the authors (Zagheni, Weber, and Gummadi 2017).

8 International Migration Review 0(0)



avoid potential biases of low representativeness of the very young (12–13) as well as
older population (65+) in the Facebook data (Mellon and Prosser 2017; Spyratos
et al. 2019). Further, the above-mentioned available data from past projects2 also
referred to 15–64 age group. To make data from the traditional data sources compara-
ble, we also applied the same age ranges when processing each data set.

Methodology
Modeling Framework
To estimate the number of EU migrants in each member state, timely, unbiased, and
accurate data set is required. However, as discussed in the previous section, currently
there is no single data source that satisfies all of these characteristics. In this section,
we develop a bespoke statistical model to combine the data described in the previous
section to provide a harmonized and complete estimate of annual bilateral migrant
stocks in EU between 2011 and 2019. The model adapts the framework first devel-
oped by Raymer et al. (2013) and Wiśniowski et al. (2013) to estimate and predict the
“true” unobserved stocks of migrants within EU. The framework is based on an inte-
gration of a measurement model to explicitly adjust observed data for measurement
issues related to each data source with a migration model to predict missing migrant

Figure 1. Conceptual framework of the model for combining census, Labour Force Survey,

Eurostat and Facebook (Monthly and Daily Active Users) data.
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data. Our conceptual framework for a model for migrant stock data is shown in
Figure 1. The model utilizes all the data sources outlined in the previous section
with specific terms included to adjust each source for relative strengths and weak-
nesses. In particular, each data source is characterized by its bias and accuracy in
the measurement model to correct the source-specific biases and varying accuracies.
The migration forecasting model is based on a hierarchical time series model that
generates forecasts of migrant stocks for each corridor in each year. The hierarchical
structure permits borrowing of information across countries, with migrant corridors
where there are more abundant and higher quality data aiding the estimation of
migrant populations in countries with scarce or completely missing data.

The model parameters are estimated by using Bayesian inference that allows for
model-based forecasts (e.g., Kaplan 2014; Bijak and Bryant 2016; Lynch and Bartlett
2019). Bayesian inference treats all unknowns in the model (i.e., model parameters,
as well as estimates and forecasts of migrant stocks) as probability distributions. Prior
distributions (or “priors”) represent knowledge or expert opinion about the unknown
model parameters before seeing the data. In this work, we create informative prior
distributions based on information about the quality of the data sources. Bayesian
inference quantifies the uncertainty about these unknown parameters by updating
these prior distributions with available data through a statistical model, to produce
posterior distributions (or “posteriors”) of the parameters that can then be used to
forecasts bilateral migrant stocks for all corridors and years.

Measurement Model
In our modeling framework, we assume that the reported level of stocks of within-EU
migrants is measured with bias, that is, it is an unknown proportion of the true unob-
served stocks. We develop a bias measure that is a composite of the deficiencies of
each source based on (i) coverage of the population targeted to be measured by statis-
tical offices; (ii) undercount of the within-EU migrants due to an underreporting upon
arrival; or (iii) overcount of migrants due to, for instance, omission of the de-registration
at a population register upon departure (Kupiszewska and Nowok 2008).

The accuracy of the data source represents a random variation in the reported pop-
ulation stocks. The size of this variation can vary according to a number of factors.
Traditional migration data, such as those from censuses or administrative sources,
tend to be more accurate as they aim to cover entire population. Data based on
surveys suffer from sampling errors that depend on the sample size and design of
the survey. For Facebook data, the random variation over time is much larger in
data based on DAU than MAU. In our accuracy measure, we assume that Facebook
data are less precise than the censuses and administrative data reported by Eurostat
and that larger reported stocks have larger associated variability (or overdispersion).
The only exception to this assumption is for data derived from the LFS, which tend
to exhibit underdispersion, that is, a large observed count is typically characterized
by lower uncertainty (cf. Eurostat 2018b: Table 4.1a). In detail, our measurement
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model for the stocks of EU migrants from origin i residing in destination j at time t and
reported in data source k, denoted by zkijt relates the true, unobserved stocks, yijt, with
parameter γkt capturing “bias” of the data source and variance of the error term ekijt,
denoted by σ2k , that reflects the accuracy of the data source k:

zkijt = yijt × γkt × ekijt. (1)

If a source captures migrant stocks perfectly, that is, it covers the entire population of
interest and every migrant is measured in it, then the parameter γ is set to 1. In our
model, prior distributions for γ are informed by our (prior) assessment of and expecta-
tions about the quality of the data. This follows the experts’ assessment of migration
flows data quality, for example, in Wiśniowski et al. (2013). For example, we assume
that censuses can slightly undercount migrants, with most of probability mass being con-
centrated near 1 (i.e., no bias) and expected bias of around 8 percent (E(γ) = 0.92).
Consequently, our prior assumption for the bias parameter for census data implies that
the probability that bias is smaller than 20 percent (i.e., that 0.8 < γ < 1) is 0.95. For
the Eurostat data, we assume a possibility of both under- and overcount, with expected
bias being 1 (i.e., no bias) and 0.95 probability that it is smaller than 20 percent (i.e., that γ
for Eurostat data lies within 0.8–1.2 range with 0.95 probability).

Our prior assumptions for bias in the Facebook data are based on the ratios of all
Facebook users to the total population (coverage or penetration) in a given country
and year, similar to the approach of Gil-Clavel and Zagheni (2019) and Ribeiro,
Benevenuto and Zagheni (2020). We combine countries according to the size of
the ratios into four and five groups depending on the particular year. The ratios
within a group are then summarized into a prior distribution based on the group’s
average ratio. For example, Austria, Germany, Latvia, and Poland had an average
of 45 percent coverage in the Facebook population, the lowest coverage in 2017,
which we used as the expectation of the Facebook data bias parameter for that group.

The prior distributions for bias parameters in the LFS data were set up to be
weakly informative, and hence have a very minor inference in the modeling frame-
work for the estimation of migrant populations. We present the full set of prior dis-
tributions for the bias in each data source in Figure 11 in the Annex; further details
about each prior can be found in Gendronneau et al. (2019: Annex 1).

Priors for the variance parameters, σ2k , reflect our beliefs about the accuracy of
each data source. These priors are parameterized by using precision, that is, the
inverse variance. For censuses, we assume a half-normal prior for precision with
the expectation 5,000 and standard deviation (SD)= 10. This specification implies
that censuses capture true population values with an expected margin of error of
±2.8 percent.3 The SD= 10 implies a relatively small uncertainty about this

3That is, the probability that the actual value as reported by census is within ±2.8% interval is
95%.
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margin. For Eurostat data, we assume ±6 percent margin of error; for Facebook
MAU it is ±20 percent, for DAU: ±28 percent. For the LFS data, we assume that
the margin of error decreases with the size of reported counts, as larger counts typ-
ically represent larger population-at-risk of being included in a sample, and thus a
larger precision from the LFS survey.4 These priors are subjective and reflect our
assumptions regarding their relative accuracy. Simultaneously, they are sufficiently
weakly informative to permit the model to modify them with the available data. In
principle, the priors can be modified to reflect a specific set of beliefs and/or assess-
ments of the data source quality and accuracy.

Migration Forecasting Model
We estimate within-EU bilateral migrant populations by using a hierarchical station-
ary times series model for the true migrant stocks yijt. We assume that in each
migrant corridor in the bilateral data, the true migrant stock follows its own autore-
gressive process, that is:

yijt ∼ Normal (β∗0ij, σ2y ) for t = 2011, (2)

yijt ∼ Normal (β0ij + β1ijyij(t−1), σ2y), t = 2012, . . . , 2019. (3)

Further, we assume that β0ij and β1ij have each a prior with common means for each
migrant corridor ij, and the variance term is based on uninformative prior hyperpara-
meters. We ensure that the autoregressive process in each migrant corridor is station-
ary by restricting 0 < β1ij < 1. This specification, rather than relying on theoretical
explanations and sets of covariates (cf. Raymer et al. 2013), allows for effective
smoothing of the time patterns of migrant stocks over time and “borrowing of infor-
mation” from corridors with many observations from multiple sources to those with
scarce or missing data. The estimation of the migrant bilateral stocks takes into
account information from the timely but less precise Facebook data and permits cap-
turing sudden and corridor-specific variation in the migration patterns, which typi-
cally are not as dramatic for migrant stocks, as they are for flows (cf. Bijak et al.
2019).

Sensitivity Analysis
The validation of our main model (denoted further as S1) with external data is limited
by our use of the best available bilateral migrant stock data to produce our estimates

4For the smallest reported count of migrants in the LFS (3,544), we assume ±60% margin of
error; for the largest (1.2M): ±3.4%. Details are provided in Annex 1 in Gendronneau et al.
(2019).
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of the true stocks. However, we are able to assess the sensitivity of the model to our
underlying assumptions by varying a range of assumptions and model inputs in eight
different combinations. First, we assume larger spread of the Facebook bias param-
eter (Model S2). Second, we partially or fully exclude a data source. We start with
randomly removing 5 percent, 10 percent, and 20 percent of observations in
Eurostat data in each year (Models S3, S4, and S5). Next, “Eurostat excluded 2016”
(Model S6) and “Eurostat excluded 2018” (Model S7) data were fully excluded;
Model S8 uses only Eurostat data. Finally, in the last model (S9), we do not use
Facebook MAU nor DAU. We present the results of the sensitivity analysis in the
next section, after the results from the main model. We also carry out a validation
exercise of the total EU migrant population, aggregated over our bilateral estimates,
with equivalent available reported statistics.

To assess the robustness of the migration forecasting model, we considered two
alternative specifications of the time series model. Both assumed a random walk
for the true migrant stocks rather than autoregression, with one including a global
drift. We present details in Annex B.

Results
The posterior distributions of the parameters and annual bilateral migrant stocks were
computed with Markov Chain Monte Carlo algorithm implemented in JAGS via R
software (Plummer 2003). We used samples of size 1,000 for each of three chains
with 50,000 burn-in iterations and a thinning of 1,000 (i.e., each 1,000th iteration
was taken, after the burn-in). The code for the model is available in the public
GitHub repository (https://github.com/a-wis/integrating-migrant-stocks).

Migrant Stocks Estimates
Figure 2 provides both estimated medians (with 80% Predictive Interval, further
denoted by PI) and reported overall working age (between 15 and 64) EU migrant
stocks residing in another EU country. The model estimates a total median value
of 12.5 million migrants in the EU (from other EU countries) in 2011, which rises
to 15.7 million EU migrants in 2019. The estimated median values are consistently
higher than reported stocks from any of the data sources in every year due to two
reasons. First, none of the data sources of reported stocks provide migration popula-
tion counts for all origin-destination pairs for their respective years. Consequently,
the aggregated reported data do not fully capture all intra-EU migrant stocks in
their totals. As our model combines all data sources and borrows information
across observations, we are able to estimate a complete array of origin-destination
migrant stocks in each year. Second, our model corrects the observed data for the
undercounting or overcounting bias via the measurement model and our formulated
prior distributions.
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In Figure 3, we present a chord diagram plot to show the spatial patterns of the
distribution of EU migrant stocks residing in the EU countries that originate in
other EU countries, in 2019.5 Romania and Poland are the largest origin countries,
from which 3.07 and 2.49 million people, respectively, live elsewhere in other EU
countries. The largest Romanian migrant populations are in Italy, Spain, and the
United Kingdom, whereas Polish migrant populations are greatest in volume in
Germany and the United Kingdom. The largest migrant populations from other
EU countries are observed in Germany (2.8 million), United Kingdom (2.6
million), Italy (1.85 million), and Spain (1.8 million). This is in line with the officially
reported data for 2019, which were not used as input to our model (we used Eurostat
data up until 2018). In Figure 4, we present the stocks of immigrants (persons

Figure 2. Model-based estimate of total EU migrant stocks (age 15–64).
Source: Own elaboration by using data from Eurostat and Facebook Advertising Platform.

Note: The Eurostat data refers to aggregated origin-destination pairs of population stocks that

are affected by missingness (see Table 2), thus, the estimates (gray dots and shading) are much

larger than the Eurostat data (red squares).

5An animation showing changes in migrant stocks in a chord diagram is provided as a supple-
mentary file.
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originating in other EU countries) and emigrants (persons originating in a given
country but residing in another EU country) over time for each country.

Figure 5 provides a comparison between estimated (median and 80% PIs) and
reported migrant stocks from Poland to the Netherlands (Panel a) and to the
United Kingdom (Panel b) over time. The stocks of Polish migrants in the
Netherlands are estimated based on the Eurostat, LFS, Facebook MAU, and
Facebook DAU data. As illustrated in Figure 5a, the estimated migrant populations
are close to the reported values in Eurostat (the Mean Absolute Percentage Error is
8%), and their respective 80 percent PIs are relatively narrow due to the abundance
of data sources of good quality, with the exception of the LFS data where there is

Figure 3. Chord diagram plot representing the estimated stocks of migrants (age 15–64) in
the EU that originate in other EU countries in 2019. The width of the chord ends indicates the

number of persons (in millions) in a given migrant population, where the arrow head indicates

country of residence of the migrant population and the color and chord base represents the

country of birth.
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considerable undercount in comparison to our median estimates. Estimates of Polish
migrants residing in the United Kingdom (Figure 5b) are based on Census, LFS,
Facebook MAU, and Facebook DAU data. Estimates between 2012 and 2015 rely
solely on the migration forecasting model because of missing data points for these
years. The lack of annually collected consistent data in Eurostat and the larger

Figure 4. Estimated stocks of EU migrants, age 15–64, for 2011–2019.

Figure 5. Migration stocks (in millions) from Poland to the Netherlands and United

Kingdom, age 15–64.
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migrant stock result in a larger 80 percent PI for the estimated stocks of migrants
originating from Poland and residing in the United Kingdom. We provide similar
figures showing migrant stocks from each EU country and residing in the
Netherlands and in Poland in Annex (Figure 12 and Figure 13, respectively).

Sensitivity Analysis
To assess the robustness of the model, we ran eight alternative models to study the
sensitivity of the estimates to different modeling assumptions and data sources, as
described in the previous section. We present the intra-EU migrant population
totals estimated in these eight alternative models and their respective 50 percent
PIs in Figure 6. We find models with lower Facebook coverage precision, and
with partially removed Eurostat data provide the closest estimates to the main
model, where their PIs overlap considerably. The PI of the estimates from the
model that excluded Eurostat 2016 data also largely overlaps with the PI of the
main model estimates. However, the median estimates in 2018 and 2019 are lower
than the aforementioned models. The remaining three models estimate lower total
intra-EU migrant stocks than the main model. Two of the sensitivity models are par-
ticularly notable. First, the model without Facebook data shows a slight downward
trend after 2014 with the exception of a small increase in 2018. This demonstrates

Figure 6. Sensitivity of the results to various modification of the input dataset. Estimated

total EU migrant stocks, age 15–64, residing in the EU (a). Stocks of migrants originating in

Poland and residing in the Netherlands and in the UK (b).

Source: Own elaboration.
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the usefulness of incorporating Facebook data in capturing the migrant stock trends
in the recent years. Second, the model that employs only Eurostat data has the lowest
estimated total intra EU migrant stocks and the largest uncertainty, as the Eurostat
data are unavailable for 45 percent of the observations (see Table 2).

To better investigate the sensitivity of the models at the origin-destination level,
Figure 7 presents Polish migrant population in the Netherlands (panel a on the left
of Figure 7) and the United Kingdom (panel b on the right of Figure 7). The
migrant stocks from Poland in the Netherlands, as estimated by different sensitivity
models all follow a similar trend with relatively narrow 80 percent PIs. The Polish
migrant population in the United Kingdom also follows a similar trend between
the various sensitivity models, with the exception of the “Only Eurostat” model
that estimates dramatically lower migrant stocks due to the lack of Eurostat data
for this migrant corridor.

The two alternative naive specifications of the migration forecasting model
(Annex B) do not produce reasonable estimates of migrant stocks (Figure 14 in
Annex). From this analysis, we conclude that the hierarchical autoregressive specifi-
cation adequately captures the temporal patterns and allows imputing such patterns
for corridors where data are scarce or unavailable. Further testing of naive and
other specifications requires data to be available for more corridors and, ideally,
for more years.

Figure 7. Sensitivity analysis of the results to various modifications of the input data. Stocks

of migrants (age 15–64) originating in Poland and (a) Residing in the Netherlands; (b) Residing

in the UK.

Source: Own elaboration.
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Out-of-Sample Performance
To further assess the robustness of our model, we removed last two years of the
Eurostat data (2017 and 2018) and then produced out-of-sample predictions of
those data. We show the results in Figure 8. We observe that the models systematically
overestimate the Eurostat data, especially for smaller stocks; for 2017, 34.4 percent of
observations from Eurostat fell within 80 percent PI and for 2018 it 34.2 percent. This
is likely a consequence of the slowdown in the increase of migrant stocks that is unable
to be captured in the autoregressive model based on data until 2016.

Figure 8. Out-of-sample predictions (Y axis) of the eurostat data (X axis) for 2017 and 2018

that were removed from the model.

Source: Own elaboration.
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Validation
To validate our estimates of annual migrant stocks, we compare them to the official
statistics. Specifically, we use the aggregated Eurostat total immigration stocks that
reflect the total number of EU migrants in each state without detailed breakdown by
country of birth. These data are different from and more complete compared with
the Eurostat origin-destination within-EU migrant stocks data that we used in the
models. National statistical offices are better able to provide Eurostat with estimates
of the total EU migrant populations living in their country, without disaggregation
by detailed country of birth where data collection or processing frameworks to
publish data on the specific EU country of birth might not be in place. Figure 9
presents a scatterplot of data on total EU migrant populations (15–64) living in
another EU country as reported in Eurostat, against the corresponding estimated
medians (dots) of the posterior distributions of EU migrant populations with
their 80 percent PIs (gray lines) from our main model in every country of residence
and year.

Figure 9. Validation plot comparing the model estimates (X axis) with total EU migrant

stocks (age 15–64) reported by Eurostat (Y axis).

Note: The plot contains all years and all migrant corridors.
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Estimates of migrant stocks that are relatively small (up to 1 million persons) in
our model are slightly overestimated because our model adjusts for undercounting
bias. The largest differences between the observed and estimated EU migrant
stocks are noted for smaller countries, such as Latvia and Lithuania, and for countries
deemed to have high bias in their migration flows statistics, such as Bulgaria (Dańko
et al. 2024). Some discrepancies are also apparent for countries with larger migrant
population totals. The EU migrant population totals for Spain and Italy are estimated
at around 2 million persons from our model, higher than the reported stocks (around
1.5 million). Our model underestimates EU migrant population in Germany when
compared to the corresponding Eurostat totals. This might be a result of the low cov-
erage of Facebook in Germany, in comparison to other EU countries, a feature not
fully captured by the bias parameter in our model, where we grouped several coun-
tries with low Facebook coverage together.

Discussion
In this article, we developed a modeling framework to combine both traditional and
new migration data sources to estimate a complete and harmonized series of EU bilat-
eral migrant populations. As shown in our validation exercise, the resulting estimated
migrant stocks match relatively well to the observed data available in the Eurostat
database, with some slight overestimation of smaller migrant populations and under-
estimation for larger migrant populations in Germany and the United Kingdom
(though for the latter, the observed values are within the model’s predictive inter-
vals). Our model is also capable of estimating missing stocks for migrant corridors
and years where no data are available and can provide timely now-casted estimates.
The annual bilateral migrant population estimates come with uncertainty measures,
where the levels of uncertainty are influenced by the amount and quality of data
sources available in a particular migration corridor. In general, we observed the
smallest uncertainty in the estimates during 2011, where census data are available.

Our use of data from Facebook provided similar evidence for the inclusion of
novel data into studying migration trends and patterns as found in previous
studies. For example, Spyratos et al. (2018; 2019) also found that the patterns cap-
tured by the Facebook data reflect the stocks of migrants in the EU, with some of
the stocks being overestimated. In their analysis, they corrected for the Facebook
usage in particular age-sex groups by using population data (Gil-Clavel and
Zagheni 2019). Our model corrects for Facebook usage in the population using infor-
mative priors, while also integrating official migrant stocks data from administrative
sources and censuses, deemed to be the most accurate source of such information.
Our model is also similar to the one developed to monitor migrant populations in
the United Kingdom (Rampazzo et al. 2021). However, unlike the model by
Rampazzo et al. (2021), the prior distributions in our model are less restrictive.
For example, we do not use fixed scaling factors because quantities such as
Facebook penetration rate are, in principle, unknown, exhibiting variability over
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time and within countries. We therefore utilize available official data on population
totals and total number of Facebook users in countries over years to, for the first time,
construct informative prior distributions for the time-specific penetration rates for
groups of countries. By assuming such probability distributions to inform these pen-
etration rate parameters, we permit the model to learn from the data about possible
ranges for those values and, thus, avoid a false sense of certainty in our estimates.
Future work could explore a notion that, at least conceptually, the lower the
Facebook penetration, the more biased the sample could be. That is, the smaller
the sample the higher the relative oversampling of more mobile users. Potentially,
one could construct priors that correct more when the Facebook penetration rate is
lower. This approach could also be extended to other population structures, such
as age and sex.

Our study to estimate annual EU bilateral migrant populations is not without lim-
itations. First, Facebook data, while timely and available for many years, are not
available uniformly for all countries and origin-corridors. This is because
Facebook usage varies among countries, as well as subpopulations within countries
(e.g., Blank and Lutz 2017). Historic data are also not available, and any new analysis
requires collecting new data. This partially limited our work to the population aged
15–64 as the historic data that are publicly available related to this age group.
However, this age group refers to the working-age population that typically repre-
sents the majority of migrant populations. In principle, Facebook data cover all pop-
ulation aged at least 13 but representativeness decreases with age (Mellon and
Prosser 2017; Spyratos et al. 2019). Facebook’s algorithm for counting its users
and their location history is a “black box”, and prone to sudden and nontransparent
changes in the algorithm calculating the number of migrants (e.g., Palotti et al. 2020)
or limiting public access. Second, the model relies on input data with large propor-
tions of missingness. Thus, we rely on the informative prior distributions that reflect
our literature-based assessment of their quality in terms of potential bias and accu-
racy. These subjective opinions, as well as the potential for alternative model spec-
ifications, may lead to different predicted stocks of migrants. However, as illustrated
in our sensitivity analysis, only extreme alternative model specifications led to dra-
matically different estimates. Third, the model shows a certain degree of sensitivity
to the input data. For example, if data from Facebook are left out, the resulting esti-
mates are heavily affected by the completely missing patterns in the other official
sources. This limitation could potentially be mitigated to some extent by using a pre-
dictive model based on migration theories and external data, such as those used by
Jennissen (2003), Abel (2010), and Raymer et al. (2013), at the cost of additional
layers of modeling complexities. A model driven by migration theories, such as
extended gravity-type models that utilize push and pull factors (Cohen et al. 2008;
Van Hear, Bakewell and Long 2018), would also require timely data or scenarios
for predictors to forecast migrant stocks.

There are a number of potential avenues of future research for the estimation of
migrant populations in the EU. In our analysis, we used data that we downloaded
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from the Facebook Advertising Platform API at set of discrete time points during
recent years. We collected data on a regular basis, for example, twice a month
several times a year, then averaged them for each year (Gendronneau et al. 2019).
A continuous systematic collection of data from Facebook stored in a publicly avail-
able repository would potentially allow further updates of the model or the applica-
tion of the model to other regions (Culora et al. 2021). This would allow for a longer
time series of data, providing more overlap with the reported data from traditional
migration data sources, and hence leading to much greater precision in estimates
from an integrated model. As Facebook data can be collected with a higher fre-
quency, say, quarterly or monthly, it is also possible to extend the model to
produce a continuous early-warning or monitoring system of migrant stocks.
Further, Facebook data on migrant populations can be broken down by both age
and sex (e.g., Spyratos et al. 2018), which can be utilized to provide estimates of
migrant populations with these additional demographic details by, for example,
extending modeling frameworks using smoothing approaches such as bilinear
models, as proposed by Alexander, Polimis and Zagheni (2022) and Raymer and
Wiśniowski (2018). Preliminary analysis in carrying out such an approach was
heavily restricted by the censoring of relatively small counts of “expats” at 1,000
in the Facebook data (Gendronneau et al. 2019). This limitation could be overcome
by using more sophisticated methods of calculating stocks from Facebook
(Gendronneau et al. 2019, Box 2).

Social media data are a rich source of timely information on population move-
ments. The Facebook Advertising Platform provides proxy information on bilateral
migrant stocks in the EU that are of limited use for studying migrant population pat-
terns when used in isolation due to the distinct nature of the user population. To over-
come this limitation, we have developed a statistical model to integrate data derived
from Facebook with the publicly available official data on migrant stocks within the
EU. We correct for the biases specific to each source and their varying accuracy, to
generate a complete set of annual bilateral migrant population estimates with uncer-
tainty that provide useful and timely information on potential changes in the migra-
tion patterns.

Data Statement
Data collection was performed in strict compliance with the terms of services of the
data sources from which data were obtained. The data from Facebook are openly
available through Facebook’s Marketing API (https://developers.facebook.com/
docs/marketing-apis). However, due to legal requirements regarding the publication
of the raw data collected from the Facebook Advertising Platform, the minimal data
underlying the results of this study are available for academic purposes upon request.
The LFS were obtained via a request to Eurostat (https://ec.europa.eu/eurostat/
xtnetassist/requestlist.htm). Data on population and migrant stocks (variables migr_-
pop3ctb, demo_pjangroup, cens_11cob_n) were obtained from publicly open
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Eurostat database (https://ec.europa.eu/eurostat/data/database). All the measures
derived from the Facebook data and the code to analyze the data sets and generate
the figures are available from a GitHub repository (https://github.com/a-wis/
integrating-migrant-stocks). The repository also includes an example code for col-
lecting Facebook data.6
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Gendronneau, C., A. Wiśniowski, D. Yildiz, E. Zagheni, L. Fiorio, Y. Hsiao, M. Stepanek,
I. Weber, G. Abel, and S. Hoorens. 2019. ‘Measuring Labour Mobility and Migration
Using Big Data: Development of a Method to Measure Mobility Flows and Stocks
within the EU Based on Data from Social Media’. European Commission Directorate -
General for Employment, Social Affairs and Inclusion. Available at: https://www.rand.
org/content/dam/rand/pubs/external_publications/EP60000/EP68037/RAND_EP68038.
pdf

Gil-Clavel, S., and E. Zagheni. 2019. Demographic Differentials in Facebook Usage Around
the World, Proceedings of the Thirteenth International AAAI Conference on Web and
Social Media (ICWSM 2019): 11-14 June 2019, Munich, Germany, 647–650. Palo Alto,
CA: AAAI Press.

Hawelka, B., I. Sitko, E. Beinat, S. Sobolevsky, P. Kazakopoulos, and C. Ratti. 2014. “Geo-
located Twitter as Proxy for Global Mobility Patterns.” Cartography and Geographic
Information Science 41 (3): 260–71. https://doi.org/10.1080/15230406.2014.890072

26 International Migration Review 0(0)

https://ec.europa.eu/eurostat/documents/3859598/5916677/KS-RA-11-006-EN.PDF/5bec0655-4a55-466d-9a00-fabe83d54649?version=1.0
https://ec.europa.eu/eurostat/documents/3859598/5916677/KS-RA-11-006-EN.PDF/5bec0655-4a55-466d-9a00-fabe83d54649?version=1.0
https://ec.europa.eu/eurostat/documents/3859598/5916677/KS-RA-11-006-EN.PDF/5bec0655-4a55-466d-9a00-fabe83d54649?version=1.0
http://ec.europa.eu/eurostat/documents/3888793/7751652/KS-TC-16-021-ENN.pdf/8475c2e2-c037-4ba2-9029-93db1ade41fe
http://ec.europa.eu/eurostat/documents/3888793/7751652/KS-TC-16-021-ENN.pdf/8475c2e2-c037-4ba2-9029-93db1ade41fe
http://ec.europa.eu/eurostat/documents/3888793/7751652/KS-TC-16-021-ENN.pdf/8475c2e2-c037-4ba2-9029-93db1ade41fe
http://ec.europa.eu/eurostat/documents/3888793/7751652/KS-TC-16-021-ENN.pdf/8475c2e2-c037-4ba2-9029-93db1ade41fe
https://ec.europa.eu/eurostat/web/population-and-housing-census/census-data/2011-census
https://ec.europa.eu/eurostat/web/population-and-housing-census/census-data/2011-census
https://ec.europa.eu/eurostat/web/population-and-housing-census/census-data/2011-census
https://ec.europa.eu/eurostat/documents/7870049/9350257/KS-FT-18-008-ENN.pdf/d547620d-33fc-426b-8946-30b5a634fbda
https://ec.europa.eu/eurostat/documents/7870049/9350257/KS-FT-18-008-ENN.pdf/d547620d-33fc-426b-8946-30b5a634fbda
https://ec.europa.eu/eurostat/documents/7870049/9350257/KS-FT-18-008-ENN.pdf/d547620d-33fc-426b-8946-30b5a634fbda
https://developers.facebook.com/docs/marketing-api/reference/ad-campaign-delivery-estimate
https://developers.facebook.com/docs/marketing-api/reference/ad-campaign-delivery-estimate
https://developers.facebook.com/docs/marketing-api/reference/ad-campaign-delivery-estimate
10.1145/3091478.3091496
https://www.rand.org/content/dam/rand/pubs/external_publications/EP60000/EP68037/RAND_EP68038.pdf
https://www.rand.org/content/dam/rand/pubs/external_publications/EP60000/EP68037/RAND_EP68038.pdf
https://www.rand.org/content/dam/rand/pubs/external_publications/EP60000/EP68037/RAND_EP68038.pdf
https://www.rand.org/content/dam/rand/pubs/external_publications/EP60000/EP68037/RAND_EP68038.pdf
https://doi.org/10.1080/15230406.2014.890072
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