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Abstract
Migration has become a significant source of population change at

the global level, with broad societal implications. Although under-
standing the drivers of migration is critical to enact effective policies,
theoretical advances in the study of migration processes have been
limited by lack of data on flows of migrants or by their fragmented
nature. In this paper, we build on existing Bayesian modeling strate-
gies to develop a statistical framework for integrating different types
of data on migration flows. We offer estimates, and associated mea-
sures of uncertainty, for both immigration flows and emigration flows
among European countries, obtained from combining administrative
and household survey data from 2002 to 2015. Substantively, we docu-
ment the historical impact of the EU enlargement on migration flows.
Methodologically, our approach improves over the Integrated Model-
ing of European Union (IMEM) framework and is flexible enough to
be further extended to incorporate new data sources, like social media,
in order to evaluate recent migration trends within a robust statistical
framework.

1 Introduction
For a better understanding of the causes and consequences of international
population migration movements, migration scholars, official statisticians,
and policymakers must overcome the inherent limitations of the various data
sources that each country uses to produce statistics on migration, especially
on flows. These data limitations include incompleteness and inconsisten-
cies in availability, definitions, and quality (Willekens et al. 2016, Willekens
2019). The sources that are used to produce statistics on migration are
various, e.g., population censuses, population registers, household and pas-
senger surveys, registers of foreigners, special statistical forms, and each one
has its characteristics and limitations (Martí & Ródenas 2007, Kupiszewska
& Nowok 2008). Although all these sources contain information related to
migration, they are rarely explicitly designed to accurately measure migra-
tion. Therefore we might expect differences, even quite large, in the reported
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numbers. Discordance among data sources regarding the bilateral migration
flows is expected both within a country and between countries. Since these
limitations might hamper the use of the single sources to investigate migra-
tion, a possible solution to the problem of obtaining statistics on migration
flows between pairs of countries is to combine the information from all the
available data sources. In order to accomplish this task, it is possible to use a
statistical modeling framework to build a synthetic database (Willekens 1994,
2019), which integrates migration data sources and auxiliary data to model
migration flows across time and estimate flows for which incomplete infor-
mation is available (Raymer et al. 2013). The Bayesian statistical approach
can be used to express the trust in the available information (migration and
auxiliary data) in terms of probability distributions, to harmonize the data
generated by different mechanisms, and to provide measures of uncertainty
for both model parameters and predictions. Moreover, the Bayesian ap-
proach enables researchers to deal with the issue of data incompleteness, by
borrowing information from the available migration data and the auxiliary
data to estimate the missing flows (Bijak & Bryant 2016). The Integrated
Modelling of European Migration (IMEM) project provided an excellent ex-
ample of such a synthetic database. It consisted of a Bayesian hierarchical
model used to estimate bilateral migration flows among the European Union
(EU) and European Free Trade Agreement (EFTA) countries and with the
rest of the world (Raymer et al. 2013, Wiśniowski et al. 2016). This model
included two modules. First, a measurement error model, which adjusted
the migration flow data for effects capturing different types of inconsistencies
in the data. Second, a theory-driven migration model, which used auxiliary
information on the degree of attractiveness between countries (i.e., country-
and dyad-specific demographic and socio-economic covariates) to estimate
the true migration flows between those countries.

In this paper, we propose to extend the hierarchical Bayesian model de-
veloped within the IMEM project, by combining official aggregated data on
international out-flow and in-flow events in Europe, disseminated by Eu-
rostat and already used in the IMEM project, with transition data from
national household surveys, such as the EU Labour Force Survey (LFS).
Our work innovates in several directions. First, we generalize previous work
on using LFS data to estimate migration flows from Poland to the UK
(Wiśniowski 2017) by extending it to the whole EU/EFTA area. Second,
the combination of multiple migration data sources requires the specification
of source-specific measurement error models that accommodate the charac-
teristics of each data set. Third, we modify the measurement error models
introduced by Raymer et al. (2013) for the migration event data and by
Wiśniowski (2017) for the LFS data, by linking them through a common
underlying relocation parameter, which is, in turn, informed by the speci-
fied migration model. Finally, the use of three different data sources enables
us to obtain more realistic and accurate estimates, because it increases the
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evidence for each dyad-specific migration flows and, for some countries, to
have at least one available data source, when the IMEM had none. We apply
our model to a set formed by the 28 EU countries and two EFTA countries
(Switzerland and Iceland), using time series from 2002 to 2015 for both mi-
gration event data and transition data, and we estimate the true migration
flows among these countries, with the associated measures of uncertainty.

The paper is organized in the following way. In Section 2, we discuss
the main data sources on international migration flows that are available in
the European context (population censuses, administrative data, household
surveys), as well as their issues of incompleteness and inconsistencies. The
Section 3 is dedicated to the description of the Bayesian methodology used
to model the data. We present the results of our modeling approach in
Section 4, describing with more detail the findings for three countries taken
as case studies. Finally, in Section 5, we wrap up the main points of the
paper and present some ideas for future research.

2 Data
Migration data, either on the stock of migrants or on flows, can be obtained
from different sources, each one with its characteristics and issues.

2.1 Census data

A first data source on migration is the population census, which typically
includes information on the country of birth and nationality of each respon-
dent.

While these data can provide information on migrant stocks, their use
for migration flows is problematic, since the information on the country of
previous residence is usually not collected. Even when this information is
collected, e.g. when asking respondents whether they have changed their
usual residence compared with one or five years prior to the census, cen-
suses are typically carried out every ten years and movements between the
censuses are neglected. People may relocate more than once in the period
between two censuses.

A possible solution to tackle the lack of explicit information on the flows
might use demographic accounting methods to estimate the flows that are
consistent with the difference in stocks between two consecutive censuses.
For this purpose, it is also essential to account for the variations in births,
deaths, and migration to and from countries not included in the data (Abel
2013, Abel & Sander 2014, Azose & Raftery 2019, Abel & Cohen 2019).
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2.2 Administrative data

Administrative data, usually derived from population registers (but also
from other sources, such as national health or insurance databases, or res-
idence or work permits), represent a better source of information, as they
can capture residence changes when they are declared. However, compari-
son between countries can be hindered by several issues (Abel 2010, Raymer
et al. 2013, Willekens 2019).

A first problem is the under-registration of migrants. We expect to
observe this issue especially for emigration and return migration, since, while
immigrants can be incentivized to register as residents in the country of
destination, there are hardly any incentives for people moving abroad to
deregister (and subsequently to register again, in case of return). The issue of
undercounting is exacerbated in surveys (such as the International Passenger
Survey in the UK) as they may suffer issues of statistical precision due to
small sample size and migration being a rare event in such a survey (Martí
& Ródenas 2007).

A second issue deals with differences in the duration criterion used to
identify international migrants. According to the UN definition (United
Nations Department of Economic and Social Affairs 1978), long-term in-
ternational migrants are those who relocate from their country of usual
residence to a different country for a minimum stay of twelve months, while
short-term migrants are those who stay three to twelve months. However,
countries may use different duration thresholds for identifying migrants, of-
ten using the intended stay duration as an approximation of the actual one.
For instance, Germany and Spain have no time criterion at all; therefore, all
people entering the country, not for tourism or business, are required to reg-
ister. In other countries, immigrants are those who register for a stay of at
least three months (e.g., Austria and Slovenia), six months (e.g., Denmark
and Norway), one year (e.g., Italy and Netherlands), or permanently, such
as Czechia and Poland.

However, following the EU Regulation (EC) No 826/2007, European
countries started the transition to the UN definition. According to the EU
Regulation, the current definition of migration requires to record the actual
stay for at least one year. Therefore, each country has to submit data for
reference year t to Eurostat at the end of year t + 1, with dissemination
occurring in February t + 2. For instance, data referring to the year 2017
were submitted to Eurostat at the end of 2018 and made publicly avail-
able from February 2019. Moreover, since 2008, countries have been using
additional sources to improve the quality of the statistics transmitted to Eu-
rostat. These sources include health insurance registers, tax registers, 2011
census data, estimation methods based on the GDP, residency index (Maas-
ing et al. 2017), as well as the mirror flows reported by partner countries
in order to solve coverage errors (personal communication with Eurostat
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representative).
The third issue with register data is related to the accuracy of the collec-

tion system. On the one hand, the five Nordic countries (Denmark, Norway,
Sweden, Finland, and Iceland) have very good and harmonized population
registers that routinely exchange information. On the other hand, other
countries use less reliable population registers or surveys, such as the UK.
Finally, some countries do not use population registers at all to measure
international mobility, as they do not record the country of origin of the
person who changed residence (e.g., Belgium, France, and Greece).

Notwithstanding these issues, the IMEM project has shown how Bayesian
hierarchical modeling can be used to harmonize migration data from popu-
lation registers and to estimate the true flows, even those for which no data
are available (Raymer et al. 2013, Wiśniowski et al. 2016). This accom-
plishment relied on a measurement error model that included parameters
accounting for the issues mentioned above, and informed either by using ex-
pert opinion or by making some ad hoc assumptions, necessary for parameter
identification.

2.3 Household survey data

Other data sources for migration are household surveys, such as the EU
Labour Force Survey (LFS). Even though these surveys aim to measure,
among others, labor migration, they are also able to capture more gener-
alized migration, as they collect such information for all people within the
selected household. For each participant, the LFS questionnaire contains
questions that could be in principle used to produce statistics on migrant
stocks (nationality and country of birth of the participant) and on migration
flows (country of residence of the participant one year before the survey).
However, there are some issues with using the LFS data to estimate migra-
tion without applying any data correction (Martí & Ródenas 2007).

On the one hand, data may suffer problems of statistical precision, since
migrants represent a tiny part of the total population of a country and,
therefore, the sample of the survey may not be large enough to capture
them.

On the other hand, there may be issues of statistical bias due to the
frequency of update of the survey sample. Such a drawback is related, in
turn, to at least three other issues. First, the less new participants enter
the survey, the less the survey will be able to capture new migrations, as
the participants who remain in the sample for several waves will not be
able to provide new information on migration. Second, the survey does
not include collective households, which implies underestimation of the size
of some migrant subgroups, e.g., military personnel, students, members of
religious communities. Third, there is the possibility of non-response, at
least in those countries in which survey participation is not mandatory or
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due to the language barriers.
For all these reasons, the LFS data might underestimate the migration

stocks and, most of all, the migration flows, unless specific adjustments are
made to account for these issues.

3 Methods
In this section, we introduce the hierarchical Bayesian statistical framework
for modeling the migration flows among pairs of European countries, inte-
grating data from multiple data sources (national administrative data and
household surveys). We use a migration model to estimate the true bilateral
migration flows from country i to country j in year t, Y 12

ijt , conditional on
the definition of long-term migration as the relocation having a minimum
duration of stay of 12 months. In order to account for differences in data
measurement among countries and data sources, our statistical framework
includes a measurement error model. Our statistical model extends the
methodology separately developed by Nowok & Willekens (2011), Raymer
et al. (2013), and Wiśniowski (2017).

In the next subsections, we present in more details both the measurement
error and the migration models.

3.1 Measurement error model

Our measurement error model aims at estimating the true number of relo-
cations (change of usual residence, with no information on the duration of
stay), accounting for the inconsistencies among the data sources in terms of
undercounting, population coverage, and accuracy of the data collection sys-
tem. For this purpose, the model specification differs among data sources to
account for their characteristics and limitations. In what follows, we present
the model for each type of data source.

3.1.1 Administrative data

Data on international migration flows from administrative data sources -
mainly obtained from population registers at the local or central level, but
also other sources such as registers of foreigners or sample surveys, and
disseminated by Eurostat - consist of counts of migration events from coun-
try i to country j in year t. A typical distribution for count data is the
Poisson distribution, which implies that the mean is equal to the variance.
However, we believe that this assumption does not hold with these data,
as they present high levels of uncertainty both within country and between
countries because of problems of undercounting, population coverage, and
accuracy of the data collection system. Hence, to account for the large
uncertainty created in the measurement process of the migration data, we
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assume that the number of migration events, xijt, is distributed according
to a Poisson-log-normal distribution. This assumption implies that xijt is
distributed according to a Poisson distribution with parameter λijt, repre-
senting the expected number of migration events, xijt ∼ Po(λijt). For the
parameter λijt, we specify, in turn, a log-normal distribution with mean ζλijt
and dispersion τλijt, which is equivalent to assuming a normal distribution
for log(λijt):

log λijt ∼ N(ζλijt, τ
λ
ijt). (1)

For the mean ζλijt, we specify the following model:

ζλijt = log Yijt + log υfIR(j) − log(1 + e−κj ). (2)

With Eq. 2, we express the idea that data originate from measuring the true
number of migration events, Yijt, that these measurements are biased due to
undercounting and incomplete coverage, and this bias can be accommodated
with specific effects depending on υfIR(j) and κj , respectively. Moreover, the
precision τλijt in Eq. 1 quantifies the uncertainty around the mean ζλijt and
accounts for the accuracy of the data source.

The modeling framework introduced in Eq. 2 for the mean ζλijt can be
rewritten as a log-linear model for the parameter λijt. This model is a
standard choice for the analysis of international migration flows, and it has
been previously used to parametrize the classical gravity model for mobility
as a Poisson regression model under the generalized linear modeling (GLM)
framework (Cohen et al. 2008). Since we consider two sources of administra-
tive data, one on immigration by country of previous residence and one on
emigration by country of next residence, we specify two different log-linear
models for λijt, namely, one for the immigration data,

log λIR
ijt = log Yijt + log υfIR(j) − log(1 + e−κj ) +

εIRijt
τfIR(j)

, (3)

and one for the emigration data,

log λER
ijt = log Yijt + log(υfER(i))− log(1 + e−κi) +

εER
ijt

τfER(i)

. (4)

In the following subsections, we give an explanation for each term presented
in Eq. 3 and Eq. 4.

True number of migrations. The true (or underlying) number of
migrations Yijt is given by the number of relocations (or movements) from
i to j conditional on a minimum continuous stay in country j for a period
of tm years (Nowok & Willekens 2011). In a context with more than two
countries, we can derive Yijt using the following equation:

Yijt = RR
ijt exp(−µj+tt

j
m) = µijtNit exp(−µj+tt

j
m), (5)
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where RR
ijt denotes the number of relocations obtained from the popula-

tion registers or other official administrative data source, µijt denotes the
relocation rate from country i to country j in year t, Nit denotes the
population of the country of origin, and the factor exp(−µj+tt

j
m), where

µj+t = −
∑

i;i 6=j µjit, accounts for the survival in country j for a minimum
duration of stay equal to tjm (Nowok 2010).

This implies that, for modeling purposes, we can rewrite the model in
Eq. 3 in the following way (a similar modification can be done for Eq. 4):

log λIR
ijt = logRR

ijt−

∑
i;i 6=j

µjit

 tjm+log υfIR(j)−log(1+e−κj )+
εIRijt

τfIR(j)

. (6)

The factor tjm, whose units are expressed in years, can be equal to zero
(no time limit, therefore each relocation is a migration), 0.25 years (three
months), 0.5 years (six months), one year (or twelve months, i.e., the ref-
erence period chosen by the United Nations and the EU Regulation No.
862/2007 in their recommendation for long-term migration), or five years or
more (permanent residence) (Nowok 2007).

Undercounting. The second term in Eq. 3 and Eq. 4, based on the
parameter υkf , accounts for the systematic bias due to the undercounting of
the migration events in the data source k (Raymer et al. 2013). The param-
eter υ ranges between zero and one on the linear scale, with values closer to
one indicating low undercounting and values closer to zero indicating high
undercounting.

Depending on the indicators f IR(j) (for the model based on immigration
data) and fER(i) (for the model based on emigration data), we differenti-
ate the parameter between countries assumed to have high undercounting
(f = 0) or low undercounting (f = 1). Hence, the parameters υ1 and υ2
correspond to υfIR(j)=1 and υfIR(j)=0, respectively; similarly, the param-
eters υ3 and υ4 correspond to υfER(i)=1 and υfER(i)=0, respectively. The
classification of countries between those with low undercounting and high
undercounting is based on information elicited from expert opinion (Raymer
& Wiilekens 2008, Raymer et al. 2013). For instance, we expect the under-
counting to be more substantial when the administrative data depend on
self-declaration from the individual who relocates. Moreover, we expect υ
to be closer to zero for emigration than immigration, since there usually are
more incentives, in terms of personal and social benefits, to register than to
deregister.

To compute the parameters υfIR(j) and υfER(i), we specified a prior
distribution, which is used in the Bayesian framework to express our belief
or previous information in probabilistic terms. In particular, we specify the
prior as a Beta distribution, which is a continuous distribution with shape
parameters α and β ranging from zero to one, exactly as the parameter υ.
Considering that the prior distributions based on the elicited expert opinion
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(Wiśniowski et al. 2013) and used in the IMEM model proved to be, at the
end of the day, rather weakly informative, because of the large uncertainty
in expert opinion (Willekens 2019), we decided to specify our own priors,
based on our believes and accompanied by large uncertainty. To express
our belief that the undercounting is lowest with the immigration from the
countries classified as having low undercounting, we define for the parameter
υ1 a Beta prior centered around 0.8 with standard deviation equal to 0.1,
namely, Beta(12, 3), which implies that, according to our assumption, the
parameter ranges within a 95% interval between 0.57 and 0.95. On the other
hand, since we believe that the undercount is highest with the emigration
from the countries classified as having high undercounting, we define for the
parameter υ4 a Beta prior centered around 0.4 with standard deviation equal
to 0.1, namely, Beta(9.2, 13.8), which implies a parameter ranging within a
95% interval between 0.21 and 0.60. Finally, to express our uncertainty
for the cases with high undercounting in immigration data (υ2) and low
undercounting in emigration data (υ3), we define for both groups a Beta
prior centered around 0.6 with standard deviation equal to 0.1, namely,
Beta(13.8, 9.2), which implies a parameter ranging within a 95% interval
between 0.40 and 0.79.

Coverage. The third term in Eq. 3 and Eq. 4, − log(1 + e−κ), adjusts
for the population coverage of the data collection system in the country of
destination (model IR) or the country of origin (model ER) (Raymer et al.
2013). This parameter is assumed to range between zero (very poor cover-
age) to one (optimal coverage) on the linear scale. The term depends on the
parameter κ, which is a country-specific and normally distributed random
effect on the log-linear scale. This implies that higher positive values of κ
indicate good coverage, while higher negative values indicate poor coverage.

We distinguish between countries with “standard” coverage, for which
κ is distributed according to the normal distribution N(ν, η), and countries
with “excellent” coverage (the Nordic countries plus the Netherlands), for
which the term − log(1+e−κ) is assumed to be equal to one, implying perfect
coverage. For the distribution of the hyperparameters ν and η, we follow
the specification chosen by Raymer et al. (2013), setting ν ∼ N(0, 0.05) and
η ∼ Γ(4, 1). This implies that, for countries with standard coverage, we
give κ a weakly-informative prior distribution, since it implies that ranges
a priori k ∈ [−9, 9], which in turn means that exp(− log(1 + e−κi)) on the
linear scale ranges between zero and one.

Accuracy. Finally, the term ε/τfk is an error term, where the parameter
ε follows a standard normal distribution and the precision parameter τfk

accounts for the accuracy of the data collection system (Raymer et al. 2013).
If the precision τfk is high, the whole error term will be smaller, indicating
a higher level of accuracy. On the other hand, lower values of τfk will inflate
the error term, giving evidence of a lower level of accuracy.

We use prior knowledge to group the countries based on the accuracy of
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the data collection system for immigration or emigration, as the precision
τfk are considered to be group-specific. The first group, characterized by
the precisions τfIR(j)=1 and τfER(j)=1, contains the Nordic countries, who
are assumed to have very high accuracy, as they exchange information on
migration flows among themselves. The second group, characterized by
the precisions τfIR(j)=2 and τfER(j)=2, includes countries with reliable data
collection systems. Finally, the third group, characterized by the precisions
τfIR(j)=3 and τfER(j)=3, encompasses the remaining countries, which have a
less reliable collection system for migration data.

For all these τ parameters, we specify weakly-informative priors, namely,
Γ(0.01, 0.01), which assume that the precision parameters are centered around
one and are spread within a very large positive range. In a similar way to the
undercounting parameters, the choice of weakly-informative priors is moti-
vated by the finding that the elicited expert opinion in the IMEM project
contributed very little to the prior information (Wiśniowski et al. 2013).

3.1.2 Survey data

Differently from population registers and other administrative data, house-
hold surveys like the EU LFS provide data on transitions during a given
time window, usually, one year. The LFS can provide information on stocks
of migrations by nationality and country of birth, but also on immigration
flows, as the survey asks participants in which country they used to live
one year before the survey (Martí & Ródenas 2007). We believe that one
year is short enough to make the sensible assumption that individuals who
relocated made at most one transition from the country of origin to the
country of destination. This naive assumption (Schmertmann 1999) im-
plies that the observed transitions correspond to all the relocations done
by the survey participants in the given year, and therefore the number of
transitions coincide with the number of events, being thus consistent with
the information provided by the administrative data sources. Similarly to
what assumed for the migration data from the registers in Section 3.1.1,
we assume that the transition data collected with the LFS in the country
of destination (IS), kijt, follow a Poisson distribution with parameter λIS

ijt,
which is the expected number of transitions from country i to country j
occurred between year t − 1 and year t. This parameter, in turn, follows a
log-normal distribution with mean ξλijt and precision ωλ

ijt:

log λIS
ijt ∼ N(ξλijt, ω

λ
ijt) (7)

Finally, the mean ξλijt is given the following model depending on the true
number of transitions RS

ijt and on additional effects for the bias in measure-
ment:

ξλijt = logRS
ijt + log

njt

Njt
+ log υgIS(j). (8)
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Also Eq. 8 can be rewritten as a log-linear model for the parameter λIS
ijt,

namely,

log λIS
ijt = logRS

ijt + log
njt

Njt
+ log υgIS(j) +

εISijt
ωgIS(j)

. (9)

The ratio between the sample size njt and the population Njt in country j is
the inclusion probability of the survey, i.e., the probability of an individual to
be included in the sample, and is equal to the reciprocal of the design weight.
In the limit case in which njt = Njt and the survey is actually a census, the
inclusion probability is equal to one and the expected number of transitions
λIS
ijt is equal to the true number of transitions RS

ijt (if we do not consider the
effects of the undercounting and the accuracy of the data collection system).
However, usually njt � Njt, thus the inclusion probability is smaller than
one and the term log(njt/Njt) is negative, implying that the measured data
are a subset of the whole number of transitions.

Undercounting. The third term in Eq. 9, based on the parameter
υgIS(j), accounts for the systematic bias due to the undercounting of events,
as a consequence of the survey design.

We classify as low-undercounting those countries for which the participa-
tion to the LFS survey is mandatory by law (10 out of 31 EU/EFTA coun-
tries), while we consider as high-undercounting those countries for which
the participation is voluntary. In case of voluntary participation, a migrant
person selected to participate in the survey might likely refuse for language
barriers or lack of interest in the survey. For this reason, there is a lower
chance of capturing migration flows with voluntary participation than with
a mandatory one. Similar to the model for the population register data,
the parameter υgIS(j) ranges between zero and one, with values closer to
one indicating low undercounting, and values closer to zero indicating high
undercounting. Depending on the indicator gIS(j), we differentiate between
countries assumed to have high undercounting (with voluntary participa-
tion, g = 0) and low undercounting (with mandatory participation, g = 1).
Hence, the parameters υ5 and υ6 correspond to υgIS(j)=1 and υgIS(j)=0, re-
spectively.

To be able to identify these parameters υgIS(j), we assume that the
parameter for the low undercounting is larger than the one for the high
undercounting. We thus specify for the low-undercounting parameter the
prior Beta(13.3, 4.4), which is centered around a mean of 0.75 (with stan-
dard deviation 0.1) and varies within the 95% interval between 0.53 and
0.92. Instead, for the high-undercounting parameter, we use the prior
Beta(4.4, 13.3), which is centered around a mean of 0.25 (with standard
deviation 0.1) and varies within the 95% interval between 0.09 and 0.4.

Accuracy. The nuisance term ε/ωgk in Eq. 9 consists of an error term
ε, which follows a standard normal distribution, and a precision parameter
ωgk . As for the model for the register data, the larger the precision ωgk , the
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smaller the whole error terms and the higher the accuracy.
We classify in each country within two groups depending on the accu-

racy of the survey to capture new migrants year after year, which we make
depend on how frequently each country updates the sample composition.
According to Martí & Ródenas (2007), each country has a certain rate of
impossible answer, which is what happens when participants remain in the
survey for more than one year, preventing the possibility of including new
recent migrants in the sample. We consider a first group with country having
a rate of impossible answer lower than 50%, and whose precision is denoted
by ωgIS(j)=1. The countries in this group change their sample composition
more often and may therefore be more accurate in capturing new transitions.
On the other hand, we consider the countries with an impossible answer rate
ranging between 51% and 75%, and whose precision is denoted by ωgIS(j)=2.
Since these countries change less frequently their sample composition and
participants remain the panel for more than on year, we expect their accu-
racy in capturing new migrants to be lower than for the first group.

For both ωgIS(j)=1 and ωgIS(j)=2 parameters, we specify priors distribu-
tions that are weakly-informative, namely, Γ(0.01, 0.01), which assume that
the parameters to have mean one and a very large variance.

3.2 Migration model

The second component of the hierarchical Bayesian model consists of a mi-
gration model, which we use to derive the true (latent, not observed) migra-
tion flows. Although we specify our model as a gravity model of migration,
we do not aim the assess the effect of a set of chosen covariates on the latent
migration flows, as it would happen with a regression model. Rather, we
use the stochastic process induced by the Bayesian framework to predict
the missing data and, by that means, derive the true latent migration flows.
The variables included in the model are chosen according to both migration
theory and empirical evidence, and have been shown to provide relevant
information on the socio-economic and demographic factors affecting the
relative attractiveness between pairs of countries (Abel 2010, Raymer et al.
2013).

Contrarily to the measurement error models, where we specifically de-
fined a model for each data source to account for the distinguished charac-
teristics of data, we develop a single migration model for all data sources,
reflecting the fact that the true migration flow underlying the multiple data
sources is the same.

We thus assume that the true latent number of relocations from the
register data, RR

ijt, and the true latent number of transitions from the sur-
vey data, RS

ijt, originate from two log-normal distributions with a common
mean µY

ijt (because the underlying migration flows are the same) and source-
specific precisions, τR and τS (because the data sources do not capture the
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migration flows in the same way). In this way, we express the idea We then
define the following migration model for the common µY

ijt, with i denoting
the country of origin, j the country of destination, and t = 1, . . . , T the year,
with the period under study being from 2002 to 2015:

µY
ijt = γ1 + γ2 logNit + γ3 logNjt + γ4 logCij + γ5 log

Gjt

Git
+

γ6Aijt + γ7Ait + γ8Ajt + γ9 log Iijt + γ10 logMij +

γ11 logMji + γ12 logLij + γ13Fijt +
28∑

k=14

γkEt + uij . (10)

The model in Eq. 10 contains the following variables:

1. The population of both the country of origin, Nit, and the country of
destination, Njt. (Source: Eurostat.)

2. Indicator variable for contiguity, Cij that takes value one if country
i and country j share a common border, zero otherwise (Mayer &
Zignago 2011).

3. The ratio of the Gross National Income (GNI) per capita in the des-
tination country, denoted as Gjt, to the GNI of the country of origin,
denoted as Git. (Source: World Development Indicators, World Bank.)

4. Three indicators variables for EU/EFTA membership status between
2002 and 2017. The first variable, Aijt, takes value one if both coun-
tries i and j were members of the EU/EFTA in year t. The second
indicator, Ait, takes value one if the origin country i was a member of
the EU/EFTA in year t. The third indicator, Ajt, takes value one if
the destination country j was a member of the EU/EFTA in year t.

5. The international trade between the country of origin i and destination
j in year t, expressed as imports in EUR, Iijt. (Source: Eurostat,
EU/EFTA trade by SITC.)

6. The bilateral migrant stocks by country of birth around the year 2000,
based on population censuses. The variable Mij stands for the migrant
stock born in the country of origin i and living in the country of
destination j, and is used to capture the “pull effect” of the migrant
network residing in the destination. The variable Mji stands for the
migrant stock born in the country of destination j and living in the
country of origin i, and is used to capture the “push effect” from the
returning migrants in the country of origin (Özden et al. 2011).

7. An 0-1 index of Common Language (CL), denoted as Lij , obtained by
aggregating three indices on Common Official Language (COL), Com-
mon Native Language (CNL), and Language Proximity (LP). When
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its value is closer to one, it indicates a higher degree of commonality
between the languages of the origin and destination countries (Melitz
& Toubal 2014).

8. An indicator variable, Fijt, taking value equal to one for the year t
in which there is freedom of movements for workers from country i
in country j, meaning that they can take up any employment on the
same conditions as the nationals. (Source: European Commission.)

9. Indicator variables for the time effect for years 2002-2016, denoted as
Et with t = 1, . . . , 16, to capture the time pattern of migration flows
over the years. The reference year is 2017.

10. A random effect uij to smooth the data over time by capturing the
dyadic effect of each pair of bilateral migration flows between two
countries. These random effects are normally distributed with mean
vij and precision τu, uij ∼ N(vij , τu). The hyperparameters vij are
constrained to be symmetric to capture the dyadic effect, namely, vij =
vji, and are normally distributed with mean zero and precision τv,
vij ∼ N(0, τv). This random effect is constant across time and thus
induces correlation between the yearly estimated flows within each
pair of countries and allows borrowing of strength when flow data are
missing. Both the precision parameters τu and τv are given weakly-
informative priors Γ(0.01, 0.01), which have mean equal to one and
very large variance.

True relocation rate. Based on the estimates of the true number
of relocations from the registers, RR

ijt, and the true number of relocations
from the survey, RS

ijt, we derive the true underlying relocation rate µijt by
taking a weighted average of the relocation rates obtained using both the
administrative and the survey data:

µijt =
RR

ijtwR +RS
ijtwS

Nit
, (11)

where the weights wR and ws, with wR + wS = 1, denote the weight of the
population register data source and the survey data source, respectively. To
parametrize the weights wR and wS , we express our uncertainty on which
data source should weight more by specifying for the parameter wR the
prior Beta(12, 12), which is centered around a mean of 0.5 (with standard
deviation 0.1) and varies within the 95% interval between 0.30 and 0.70.
The parameter wS is then determined by subtraction.

True number of migration flows. Finally, the true number of mi-
gration flows Y 12

ijt , conditional on the minimal duration of stay of 12 months
(in accordance to the recommendation of the United Nations and the EU
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Regulation (EC) No 862/2007), is generated using the estimate of the true
relocation rate µijt (Nowok 2010, Nowok & Willekens 2011):

Y 12
ijt = µijtNit exp

(
−µj+tt

j
m

)
= µijtNit exp (−µj+t) , (12)

where tjm = 1 and the term µj+ =
∑

i;i 6=j µjit.

4 Results
We developed our Bayesian model in JAGS (Plummer 2003) through R
software. We computed the summary statistics from the posterior distri-
bution of the parameters with MCMC samples of 8,000 with four chains of
30,000 iterations (10,000 iterations of burn-in and a thinning of 10, i.e., we
saved each 10th iteration). Convergence of the monitored parameters was
assessed with standard diagnostics present in the package coda (Plummer
et al. 2006).

4.1 Model results

We ran the model on a set of 30 EU/EFTA countries, excluding Lichtenstein
(LI) and Malta (MT) because of the lack of LFS data (no data at all for LI,
data available only from 2009 onward for MT).

We summarize the results of the measurement error model in Table 1,
where we show the quantiles from the posterior distribution of each param-
eter.

Regarding the coverage parameters, logit−1(κ), we notice that, in case of
countries without any data from the registers (CY, FR, GR, HU, LV, PT,
RO), the parameter identification did not succeed, as shown by the 95%
credible interval ranging between 0.01 and 1.

As concerns the undercounting parameters for the administrative data,
the posterior characteristics of the parameters of the “high-undercounting”
groups, namely, λ2 and λ4, strictly reflect our assumption for the prior dis-
tribution, while the posterior characteristics for the “low-undercounting”
parameters reflect the influence of the higher quality of the data. On the
other hand, fine-tuning of the priors is still deemed necessary for the pa-
rameters for the survey data, as, on the one hand, the two parameters are
quite different from what assumed with the prior, and on the other hand,
it appears that there is no difference between the two groups, based on
“voluntary” or “mandatory” participation to the survey.

The accuracy parameters show the highest levels of accuracy in the
Nordic countries for immigration and, to a lesser extent, emigration. On
the other hand, we estimated particularly low values of accuracy for the
countries with data collection systems classified as little reliable. The lowest
values for the precision are reported for the survey data. Also in this case,
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the information on the frequency of the sample update, used to classify the
countries between high and low accuracy, seems to be not associated with
the accuracy, as there is no difference between the parameters ωIS

1 snd ωIS
2 .

The results for the migration models are reported in Table 2, where we
show the quantiles from the posterior distribution of each coefficient and of
the precision parameters. Several variables showed credible evidence for a
non-zero effect (Matthews 2019), meaning that the 95% credible interval of
their coefficients did not contain the value of zero, or, if contained, this was
a quite extreme value. A positive credibly non-zero effect was found for the
ratio of the GNI between the destination and the origin country, implying
that a richer country is more attractive as destination country. Moreover,
a migration flow from i to j was found to be more likely when the origin
country was a member of the EU/EFTA or, even more strongly, when in
both countries there was freedom of movement for the workers, which is an
indication of the positive effect of the EU enlargement and the economic
freedom on the size of the intra-EU migration flows. We also found positive
credibly no-zero effects for the migrant stocks in both the sending and the
receiving countries, showing some evidence of both pull and push effects
of the diaspora networks (Pedersen et al. 2008). The higher the level of a
common language between two countries, the more likely it was to observe
a migration movement between the two. The unstructured time effects,
for which the reference year was 2015, were generally credibly lower than
zero, indicating, on average, an increase in the numbers of migration events
over time (implied by the decrease in magnitude of the yearly coefficients).
Finally, we found that the precision of the variance of the random effects
uij was quite large, indicating high heterogeneity among the bilateral flows.
Some bilateral flows emerge particularly, such as those between DE and PL,
IT and RO, and FR and UK (Figure 3), remarking their importance at the
European level.

4.2 Case studies

To better present our results on the estimated migration flows, we focus
on four countries, taken as case studies, i.e., France, Poland, Sweden, and
United Kingdom. For each of these countries, we show the estimated total
true latent flow for the immigration (Figure 1), the emigration Figure 2,
the net migration Figure 3. In the appendix, we show, for nine selected
European countries, the total immigration (Figure 4), emigration (Figure 5),
and net migration (Figure 6) flows, as well as the bilateral flows among all
of them (Figure 7).

France does not report any migration data by country of origin or desti-
nation in its administrative data, but on the other hand, has reliable immi-
gration data from household surveys Martí & Ródenas (2007). Polish data
only reflect permanent migration and are characterized, for this reason, by
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Table 1: Measurement error model: Posterior characteristics of the param-
eters

2.5% 25% 50% 75% 97.5%

logit−1(κAT ) 0.83 0.86 0.88 0.90 0.93
logit−1(κBE) 0.95 0.98 0.99 1.00 1.00
logit−1(κBG) 0.19 0.22 0.23 0.24 0.27
logit−1(κCH) 0.95 0.98 0.99 1.00 1.00
logit−1(κCY ) 0.01 0.41 0.82 0.97 1.00
logit−1(κCZ) 0.37 0.41 0.43 0.46 0.50
logit−1(κDE) 0.99 1.00 1.00 1.00 1.00
logit−1(κEE) 0.41 0.45 0.47 0.50 0.54
logit−1(κES) 0.97 0.99 1.00 1.00 1.00
logit−1(κFR) 0.01 0.38 0.81 0.97 1.00
logit−1(κGR) 0.01 0.39 0.81 0.97 1.00
logit−1(κHR) 0.30 0.33 0.34 0.36 0.39
logit−1(κHU ) 0.01 0.39 0.82 0.97 1.00
logit−1(κIE) 0.95 0.98 0.99 1.00 1.00
logit−1(κIT ) 0.47 0.51 0.53 0.55 0.60
logit−1(κLT ) 0.94 0.98 0.99 1.00 1.00
logit−1(κLU ) 0.18 0.20 0.22 0.23 0.26
logit−1(κLV ) 0.01 0.38 0.81 0.97 1.00
logit−1(κPL) 0.10 0.11 0.12 0.12 0.13
logit−1(κPT ) 0.01 0.40 0.81 0.97 1.00
logit−1(κRO) 0.01 0.40 0.82 0.97 1.00
logit−1(κSI) 0.90 0.96 0.98 1.00 1.00
logit−1(κSK) 0.15 0.16 0.17 0.17 0.19
logit−1(κUK) 0.23 0.26 0.27 0.28 0.31
λ1 0.83 0.88 0.92 0.95 0.98
λ2 0.54 0.58 0.61 0.65 0.69
λ3 0.79 0.83 0.87 0.90 0.93
λ4 0.36 0.39 0.41 0.43 0.46
λ5 0.10 0.10 0.11 0.12 0.13
λ6 0.10 0.11 0.11 0.12 0.13
τ IR1 18.86 23.56 26.59 30.16 38.68
τER
1 19.21 23.76 26.75 30.25 38.34
τ IR2 11.94 12.95 13.53 14.17 15.48
τER
2 8.06 8.59 8.90 9.21 9.86
τ IR3 0.97 1.01 1.04 1.06 1.11
τER
3 0.84 0.88 0.90 0.92 0.96
ωIS
1 0.51 0.55 0.57 0.59 0.63

ωIS
2 0.57 0.59 0.61 0.62 0.66
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Table 2: Migration model: Posterior characteristics of the parameters

2.5% 25% 50% 75% 97.5%

Intercept -0.30 -0.23 -0.14 -0.06 0.02
logNit -0.02 0.04 0.09 0.13 0.41
logNjt -0.03 0.02 0.09 0.14 0.41
logCij -0.27 -0.18 -0.04 0.07 0.20
log(Gjt/Git) 0.73 0.77 0.79 0.81 0.85
Aijt 0.02 0.07 0.10 0.14 0.18
Ait 0.33 0.38 0.41 0.44 0.49
Ajt 0.07 0.14 0.16 0.19 0.26
log Iijt -0.01 0.06 0.13 0.17 0.41
logMij -0.43 -0.17 -0.13 -0.06 0.02
logMji 0.21 0.35 0.40 0.51 0.66
logLij 0.16 0.37 0.44 0.51 0.63
Fijt 1.25 1.54 1.66 2.01 2.78
E2002 0.36 0.39 0.41 0.43 0.49
E2003 -0.32 -0.29 -0.27 -0.25 -0.22
E2004 -0.32 -0.30 -0.28 -0.26 -0.23
E2005 -0.42 -0.40 -0.38 -0.36 -0.33
E2006 -0.38 -0.35 -0.33 -0.31 -0.28
E2007 -0.32 -0.30 -0.28 -0.26 -0.23
E2008 -0.28 -0.25 -0.23 -0.22 -0.19
E2009 -0.26 -0.23 -0.22 -0.20 -0.17
E2010 -0.28 -0.25 -0.23 -0.22 -0.19
E2011 -0.25 -0.22 -0.20 -0.19 -0.15
E2012 -0.21 -0.19 -0.17 -0.16 -0.13
E2013 -0.15 -0.12 -0.11 -0.09 -0.06
E2014 -0.12 -0.09 -0.08 -0.06 -0.03
τu 5.86 6.75 7.22 7.74 8.78
τv 0.04 0.05 0.06 0.07 0.10
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high undercounting and low accuracy. Sweden is a Nordic country with a
reliable data collection system, low undercounting, excellent coverage, and
high accuracy. Finally, the UK does not derive its data from population
registers, but from the International Passenger Survey, a continuously run-
ning survey administered at borders (air, see, and tunnel ports) that classify
respondents as long-term migrants if they intend to stay in the country for
one year or more.

All four countries show increasing patterns for both immigration and
emigration flows following the EU enlargement in 2004 and the freedom
of movement for workers in the EU (Figure 1 and Figure 2). However,
among these selected countries, only Poland shows an increasingly negative
net migration pattern, reporting all the other countries highly positive net
migration trends (Figure 3).

Immigration in France increased gradually over time, starting with 2004.
The same occurred with the emigration, where we noticed two changing
points in the increasing pattern, one in 2004 and another in 2007, corre-
sponding to the EU enlargement and the free movement to the labor market
for a number of Eastern European countries. The net migration is positive
during the whole time period, increasing on from 10,000 to 30,000 people.
The main in-flows in France were from the UK, Italy, and Spain (Figure 7),
all increasing over time. The relative degree of attractiveness between the
UK and France appeared to be similar, considering that fairly comparable
migration flows could be observed between the two countries.

Poland showed an increasing trend of immigration, with an abrupt change
in 2007, mainly coming from Germany and the UK. Considering that these
two countries were also the leading destinations for migrants from Poland,
it is likely that these inflows to Poland mainly consisted of return migrants
(Figure 7). As regards the Polish emigration, it showed two abrupt increases,
one in 2004 after the entrance in the EU, and one in 2011 when Polish work-
ers are allowed to freely enter the German labor market. Looking at the net
migration patterns, we notice that Poland over time generally experienced
increasingly negative net migration, with turning points in the occasion of
the peaks in immigration.

Sweden also showed a surge in immigration from 2004 with a peak
reached between 2007 and 2008, and a gradually increasing immigration
after 2004. The net migration trend was positive and also increasing over
time, with turning points in 2004 and in 2009. The migration patterns
for Sweden are mainly informed by the high-quality administrative data, as
the estimates follow the time series provided by Eurostat quite nicely, even
though the LFS are also quite informative for the immigration patterns.

Finally, the results for the UK are similar in trends to those for Sweden,
except that the numbers are quite larger. The net migration was always
positive, with the increasing pattern beginning in 2004, reaching a peak in
2007 and a low in 2011. The main countries of immigration to the UK were
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Poland, France, Spain, and Italy (Figure 7).
Among the other five selected countries shown in the Appendix, we no-

ticed relevant negative net migration trends for Poland, Romania, and, to
a lesser extent, for Spain and Italy. Conversely, the highest positive net
migration patterns were found for Germany and the UK (Figure 6).
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Figure 1: Immigration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for France (FR), Poland (PL), Sweden (SE),
and United Kingdom (UK). In addition, total flows from immigration reg-
ister data (dashed green line), from emigration register data (dotted orange
lines), and from LFS data (purple circles).

5 Conclusions
We developed a hierarchical Bayesian model to estimate international mi-
gration flows based on a migration model, integrating different data sources,
and adjusting for their characteristics and limitations.

First, as regards the measurement of the international migration in Eu-
rope, we showed that different data sources exist that provide information
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Figure 2: Emigration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for France (FR), Poland (PL), Sweden (SE),
and United Kingdom (UK). In addition, total flows from immigration reg-
ister data (dashed green line), from emigration register data (dotted orange
lines), and from LFS data (purple circles).
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Figure 3: Net migration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for France (FR), Poland (PL), Sweden (SE),
and United Kingdom (UK). In addition, total flows from immigration reg-
ister data (dashed green line), from emigration register data (dotted orange
lines), and from LFS data (purple circles). The horizontal black dashed-
dotted line indicates the level of net migration equal to zero.
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on international migration flows among European countries, namely, popu-
lation registers and other administrative sources, household surveys such as
the Labor Force Survey, and population census. Focusing on the first two
sources (population registers and the LFS), we showed how data may suffer
issues of incompleteness and inconsistency. As regards the latter, they are
related to the time dimension (with some countries using different standards
from the 12-month criterion for long-term migration recommended by the
UN and the EU), the undercounting, the population coverage, the accu-
racy of the data collection system, and, for the LFS, the sampling design.
Notwithstanding these issues, we showed how there is an informative gain
in combining the information provided by these data sources, given that the
incompleteness and the inconsistencies are properly taken into consideration.

Second, regarding the processing of data, we showed how to integrate
multiple data sources in a single statistical model, developed as a hierar-
chical Bayesian model, accommodating also auxiliary data informing on the
relative attractiveness among pairs of countries and assessments about data
quality, converted into probability statements in the form of prior distri-
butions for the parameters. Our model built upon previously published
Bayesian models for administrative data and household survey data. In
particular, the novelty of our model consists in the combination of the ap-
proach developed under the IMEM project (Raymer et al. 2013) with the
one for the LFS data (Wiśniowski 2017), estimating from both population
register and survey data the latent true relocation rate Nowok & Willekens
(2011) and then using it to predict the latent true migration flows condi-
tional on the recommended criterion of 12 months for a long-term migration
event. Another aspect of innovation of our work is the extension of the time
series of input data, as we use all the available administrative and LFS data
from 2002 to 2015.

Third, as regards the results of our modelling framework, we found that
our estimates showed the impact of the EU enlargement (2004) and the
extension of the freedom of movements of workers within the EU (2007) on
the intra-European migration patterns. As expected, the level of uncertainty
around the estimates of the true latent migration flows highly depended
on the amount of available information. Higher variability was found for
France, Poland, Romania, and, to a lesser extend, Germany, as they often
reported incomplete population register data, and for the UK, whose data
come from surveys and not from registers. On the other hand, countries
like Sweden and Netherlands reported much lower variability because of the
better quality of their migration data and therefore the true latent migration
flow was found to be closer to the reported data, especially those from the
population registers.

As regards the future research, in the short term, we plan to perform
a sensitivity analysis to assess the impact of the assumptions made to con-
struct the priors for the parameters of interest, particularly those included
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in the measurement error models. Indeed, on the one hand, there is spread
criticism around the use of elicited expert opinion and other subjective be-
liefs for defining the prior distributions for the parameters (Willekens 2019);
on the other hand, the use of weakly informative priors might lead to issues
of parameter identification. It is therefore essential to assess the impact of
different prior specifications on the final estimates of the true latent migra-
tion flows.

In conclusion, we believe that our Bayesian statistical framework is flex-
ible enough to be extended with the inclusion of new data sources on migra-
tion flows or new variables for the migration model. On the one hand, we
could augment data sources with data from social media, e.g., geo-referenced
Twitter data (Zagheni et al. 2014) or Facebook network data (Spyratos et al.
2019), or with data from IP addresses of email service providers (Zagheni &
Weber 2012). On the other hand, we could add new variables to the migra-
tion model. It would be interesting to exploire the possibility of including
online search data, to be used as a proxy of migration intentions (Böhme
et al. 2019), or data on income inequality and living conditions, as well as
data on unemployment and social expenditure, to be used as possible push
effects for migration intentions (Mayda 2010). Moreover, the model could
be further extended by stratifying the migration by gender and age groups,
in order to gain a better understanding of the drivers of population change
and the heterogeneity within migrant groups (Wiśniowski et al. 2016).
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Figure 4: Immigration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for nine European countries. In addition, total
flows from immigration register data (dashed green line), from emigration
register data (dotted orange lines), and from LFS data (purple circles).
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Figure 5: Emigration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for nine European countries. In addition, total
flows from immigration register data (dashed green line), from emigration
register data (dotted orange lines), and from LFS data (purple circles).
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Figure 6: Net migration: Estimated total flow (per 1000) with 50% CI (dark
gray) and 95% CI (light gray) for nine European countries. In addition, total
flows from immigration register data (dashed green line), from emigration
register data (dotted orange lines), and from LFS data (purple circles). The
horizontal black dashed-dotted line indicates the level of net migration equal
to zero.
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Figure 7: Estimated bilateral flows (per 1000) with 50% CI (dark gray) and
95% CI (light gray) for nine European countries. In addition, immigration
flows (dashed line) and emigration flows (dotted line) from register data,
and immigration flow from LFS data (circles).
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