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Abstract

Europe has been one of the main destinations for migrants since 1990, hosting more than 30% of the

global migrant stocks. Given the increasing importance of Europe as a destination, research usually

focuses on migration towards the region. Less attention has been paid to migration from Europe

to the rest of the world, neglecting the need of analysing the impact of emigration. Emigration is a

widely debatable topic amongst policymakers insofar as it may represent the loss/waste of human

capital. South America (SA) has been one of the usual receiving regions of high-skilled migrants

arriving from Europe, even producing the change of the direction of Europe-SA flows in some

periods, e.g., of economic crisis. The absence of a complete-time series of these flows entangles

drawing conclusions about them. Therefore, we aim at (a) estimating a complete and consistent

time series of bilateral migration flows from Europe to SA from 1986 to 2019, and (b) quantifying

how likely these patterns will remain across time, forecasting these flows until 2060. We use census

data as an input to estimate flows since they are the most complete and reliable data. However,

using censuses entails (a) working with five-year transition data that are not always comparable

as they do not always refer to the same five years, (b) measurement errors caused by measuring

migration indirectly, and (c) missingness in the intercensal periods, for which data are not available.

We propose a two-part hierarchical Bayesian model, which (a) translates five-year transition census

data into one-year values; (b) corrects the measurement errors that using census data involves; (c)

imputes flows for the intercensal periods; and, (d) forecasts these flows until 2060. The output is

a set of synthetic estimates of bilateral migration flows from Europe to SA from 1986 to 2060 with

measures of uncertainty.
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1 Introduction

Europe has been one of the main contemporary destinations for migrants around the world (Czaika et al.
2021, pp.4-8). Migrant stocks provide a hint of this aspect. Based on the United Nations (UN) estimates,
Europe has hosted more than 30% of the global migrant stocks between 1990 and 2020, representing
the highest percentage across all regions and periods (but in 2010− 2015 when Asia surpassed Europe)
(UNDESA 2020). Due to the increasing importance of Europe as a destination, research usually focuses
on migration towards the region. Less attention has been paid to migration from Europe to the rest of
the world, neglecting the need of analysing the impact of emigration. Emigration is a widely debatable
topic amongst policymakers insofar as it may represent the loss or waste of human capital, especially, of
high-skilled migrants (McAuliffe and Khadria 2019, p.176).

Sassone and del Castillo (2014, p.24) hypothesise that South America has been one of the usual
receiving regions of high-skilled migrants arriving from Europe. According to Sassone and del Castillo
(2014), this has even altered the direction of migration flows between these two regions during
specific periods (e.g. in the 2008 economic crisis). However, the absence of a complete-time series of
migration flows from Europe to South America entangles drawing conclusions about (a) whether these
rearrangements of flows answer specific conjunctural circumstances or respond to structural changes, and
(b) future patterns of these flows. Thus, this paper aims at (a) estimating a complete and consistent time
series of bilateral international migration flows from Europe to South America from 1986 to 2019, and
(b) quantifying how likely these patterns will remain across time, forecasting these flows until 2060.

There are different types of data to analyse migration flows. We use census data because they are the
most complete, reliable and comparable information (Bryant and Zhang 2018, p.186; Juran and Snow
2018; Rodrı́guez-Vignoli and Rowe 2018). In addition, census data are not tied to any country-specific
legislation, which enables overcoming cross-national dissimilarities in the definition of migrants due to
being collected mostly following commonly shared guidelines (e.g. UNDESA 2017, 2008, 1998).
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Notwithstanding that census data allow tackling cross-national differences, using censuses to estimate
annual migration flows entails three main problems. The first problem is related to having five-year
transition data. Censuses usually ask only about residence five years prior to each census. The problem
is that censuses refer to unmatched five-year periods, which start and end in dissimilar years. Therefore,
a transformation from five- to one-year flows is needed to make census data comparable. The second
problem of using census data is that census information leads to measurement errors or biases because
a migrant is categorised as such if their previous residence is different from the census place, which
means that migration is captured indirectly. The current paper addresses four of the usual sources of
errors originated from: (a) the dissimilarities in the number of migrants registered in censuses which
assume the de jure or the de facto approach (Swanson and Tayman 2011, p.7); (b) the omission of infant
migrants, which corresponds -in this case- to children aged 0-4 years old; (c) the neglection of non-
surviving migrants; and (d) the (im)possibility of identifying migrants by their birthplace or residence.
The third problem of using census data to analyse migration flows is the lack of information in the
intercensal periods, for which census data are not available.

To create a complete and consistent time series of bilateral migration flows from Europe to South
America from 1986 to 2060, we propose a two-part hierarchical Bayesian model. The first part of
our model (a) translates five-year transition census data into one-year values, and (b) corrects the
measurement errors or biases that using census data involves. The second part of our hierarchical
Bayesian model (a) imputes flows for the intercensal periods from 1986 to 2019, and (b) forecasts
these flows until 2060. The resulting estimated and forecast values are the true (unobserved) bilateral
international migration flows, where a migrant can be defined as a person whose place of residence is
different at the beginning and the end of each year.

For imputing and forecasting migration flows, we use the estimates and projections gauged by the
International Institute for Applied Systems Analysis (IIASA) as part of the Shared Socioeconomic
Pathways (SSP) scenarios (Lutz et al. 2018; KC and Lutz 2017; Cuaresma 2017; van Vuuren et al. 2017;
Fricko et al. 2017; Fujimori et al. 2017). These sets of values have been widely employed not only by
researchers but also by policymakers, making the current paper useful to assess the versatility of these
values.

The rest of this paper is divided into six sections. In Section 2, we present the migration system
considered for this research and the respective input data. In Section 3, we specify the two-part
hierarchical Bayesian model that aims at estimating and forecasting migration flows from Europe to
South America. Section 4 displays the results of our model. In Section 5, we describe the estimated
and forecast annual bilateral migration flows. Section 6 shows the sensitivity analysis performed on the
resulting estimates. Section 7 corresponds to the concluding remarks.
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2 Background

2.1 Data.

There are different types of data to analyse migration flows. We use census data, specifically, microdata
of the 10 biggest South American countries that cover the period from 1986 to 2019*. Even though
there are other types of data (e.g. from administrative sources) that are produced more frequently
than census data, they are usually tied to country-specific legislation. This leads to considerable cross-
national dissimilarities in the definition of who constitutes a migrant, and therefore, affect cross-national
comparability. Amongst all types of data, census data are still the most comparable information, enabling
overcoming cross-national differences in the definition of a migrant due to being collected mostly
following commonly shared guidelines (e.g. UNDESA 2017, 2008, 1998).

In census data, we categorise migrants as such if their residence five years prior to each census is
different from their residence at the census date. This enables the identification of migrants despite their
birthplace, and therefore, being able to capture movements from native-born migrants (i.e. returners)
(Villa 1991, p.25). Data on country of usual residence when available is used to remove non-usual
residents (e.g. seasonal population and daytime population, Swanson and Tayman 2011). The data were
extracted using (a) Redatam7, which is a software for processing data designed by CELADE (2019),
and (b) Redatam+SP, which is the online version of Redatam7.

2.2 Migration system.

Migration flows can be conveniently arranged in a contingency table, where rows refer to origin i, and
columns indicate destination j in a year t†. Considering the 32 European countries that conform the EU-
27, EEA, Switzerland and UK, and the 10 biggest South American countries (i.e. Argentina, Bolivia,
Brazil, Chile, Colombia, Ecuador, Paraguay, Peru, Uruguay and Venezuela), this contingency table can
be seen as a partitioned matrix with four blocks (see Table (1)). The upper-left block corresponds to the
number of migrants from European countries who arrive and leave any other country within Europe. The
upper-right block refers to the flows from any European country to South America. The lower-left block
alludes to flows from South America to Europe. Finally, the lower-right block values correspond to flows
within South America.

∗Guyana and Suriname are excluded from this analysis due to the lack of access to their census microdata. Moreover, dependent
territories (i.e. Falkland Islands-UK, South Georgia and South Sandwich Islands-UK) and internal territories (i.e. French
Guiana–France) are excluded from the current analysis.
†In this study, origins and sending countries are equivalent. Likewise, destinations, census places, census countries and receiving
countries are used interchangeably
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Table 1. Arrangement of migration flows between Europe and South America (highlighted part=focus of the
current research).

Orig\Dest AT BE BG . . . GB AR BO BR . . . VE
AT 0 z1,2,t z1,3,t . . . z1,32,t z1,33,t z1,34,t z1,35,t . . . z1,42,t
BE z2,1,t 0 z2,3,t . . . z2,32,t z2,33,t z2,34,t z2,35,t . . . z2,42,t
BG z3,1,t z3,2,t 0 . . . z3,32,t z3,33,t z3,34,t z3,35,t . . . z3,42,t

...
...

...
...

. . .
...

...
...

...
. . .

...
GB z32,1,t z32,2,t z32,3,t . . . 0 z32,33,t z32,34,t z32,35,t . . . z32,42,t
AR z33,1,t z33,2,t z33,3,t . . . z33,32,t 0 z33,34,t z33,35,t . . . z33,42,t
BO z34,1,t z34,2,t z34,3,t . . . z34,32,t z34,33,t 0 z34,35,t . . . z34,42,t
BR z35,1,t z35,2,t z35,3,t . . . z35,32,t z35,33,t z35,34,t 0 . . . z35,42,t

...
...

...
...

. . .
...

...
...

...
. . .

...
VE z42,1,t z42,2,t z42,3,t . . . z42,32,t z42,33,t z42,34,t z42,35,t . . . 0

We focus our analysis on the upper-right part of the matrix displayed in Table (1) since censuses capture
immigrants better than emigrants. To be able to capture emigrants, censuses require that individuals
leaving a region are in the census place at the census date or has a relative who reports his/her movement.
Additionally, South American censuses -in particular- do not usually have a question about emigration.
Even if they do, questions do not refer to the period in which migrants emigrated (e.g. 1993 Colombian
census) or the options are grouped, making the identification of the period of the movement non-viable
(e.g. 2010 Brazilian census).

In the case of origins, we also reduce the number of sending countries due to the level of missingness
in South American census data. Figure (1) shows the percentage of missing values amongst the years
covered by South American censuses. Countries whose missing values do not surpass 10% are defined
as origins.

After defining our origins and destinations, our migration system is composed of 14 sending countries
and 10 receiving countries. Origins correspond to Denmark, Italy, Spain, Poland, Austria, Belgium,
France, Germany, Greece, Netherlands, Portugal, Sweden, Switzerland and the UK. Destinations refer to
Argentina, Bolivia, Brazil, Chile, Colombia, Ecuador, Paraguay, Peru, Uruguay, Venezuela. Each origin
i and destination j pair conforms a migration corridor, where i 6= j. In total, there are 140 migration
corridors, corresponding to flows from the 14 selected European countries to the 10 biggest South
American countries.

From a multilevel perspective, our data can be seen as a two-level dataset. At level 1, we have repeated
measures from 1986 to 2060. These repeated measures are nested within each of the defined migration
corridors at level 2. Thus, our expected output is a set of 10500 synthetic entries (i.e. 140 corridors×75
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Figure 1. Percentage of missing values in available migration flow data by origins.

years), corresponding to the estimated and forecast bilateral true migration flows from Europe to South
America from 1986 to 2060 with measures of uncertainty.

3 Methods: modelling framework

To create a complete time series of bilateral migration flows from the 14 European countries (see Section
2) to South America from 1986 to 2060, we propose a hierarchical Bayesian model composed of two
parts, which are modelled simultaneously (see Figure (2)). The first part corresponds to a Poisson-
lognormal data sub-model, whose main purposes are (a) to translate five-year transition census data into
one-year values, and (b) to correct the measurement errors or biases that using census data entails. The
second part of our hierarchical Bayesian model refers to an Autoregressive Distributed Lag (ADL) sub-
model of order 1, which aims at (a) imputing migration flows for the intercensal periods from 1986 to
2019, and (b) forecasting these flows until 2060.
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Figure 2. Modelling framework

3.1 Poisson-lognormal data sub-model.

The first part of our Bayesian hierarchical model is the Poisson-lognormal data sub-model that replicates
the method implemented by Aparicio-Castro et al. (nd), which is a generalisation of the model proposed
by Raymer et al. (2013) for integrating European migration flows. Our Poisson-lognormal data sub-
model aims at (a) translating five-year transition census data into one-year values, and (b) correcting the
measurement errors or biases that using census data involves.

3.1.1 Translating five-year data into one-year flows: The first purpose of our Poisson-lognormal data
sub-model is to translate from five- to one-year flows. This is needed, given that most of the South
American censuses only provide information about residence five years prior to each census. All five-
year periods allude to five years, whose starting and ending points in time do not match. Thus, we require
to transform five-year data into one-year flows in order to make these data comparable. We implement the
same method as in the first level of the model developed by Aparicio-Castro et al. (nd), where a deflation
factor for translating from five- into one-year flows is used (see Equation (1)).

z
(1)
ijt−x ∼ Poisson

(
µ
(1)
ijt = µ

(5)
ijt ·

S
(1)
ijt−x

S
(5)
ijt

)
for x = 0, 1, 2, 3, 4. (1)
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Equation (1) displays that the annual number of migrants z(1)ijt−x from origin i to destination j at a given
year t follows a Poisson distribution with an expected value µ(1)

ijt . The term µ
(1)
ijt results from multiplying

the expected value of the number of migrants arriving at census place j over five-year periods registered

in South American censuses
(
µ
(5)
ijt

)
and the deflation factor

(
S
(1)
ijt−x

S
(5)
ijt

)
. The term S

(1)
ijt−x refers to the

annual migrant stocks born in country i and living in census country j at time t, whose first arrival to j
was at most four years prior to each census (i.e. x = 0, 1, 2, 3, 4). The denominator of the deflation factor
S
(5)
ijt is the stocks of migrants over those five years. These data can be also extracted from the South

American censuses. Specifically, data on birthplace and year of the first arrival asked the foreign-born
individuals in a receiving country j are employed as input for translating from five- to one-year flows.

3.1.2 Correcting measurement errors and biases of census data: The second aim of the first part
of our Bayesian hierarchical model is to correct the measurement error or biases that using censuses
involves. This part is analogous to the second level of the model developed by Aparicio-Castro et al.
(nd). The biases are produced by the fact that a migrant is categorised as such if their country of previous
residence or country of birth is different from the census place, which implies that migration is captured
indirectly. In other words, the movement of the migrant is not recorded when it happens.

This research tackles four of the main sources of errors in census-based estimates. The first source of
error surges from the differences in the number of migrants that are registered in de jure and de facto

censuses. While de jure censuses count only legal residents, de facto censuses reports every individual
who is present at the census place and census time (Swanson and Tayman 2011, p.7; Siegel and Swanson
2004, p.49; Shryock et al. 1976, p.49). There are 18 de facto censuses out of 28 South American censuses
taken in the 1990s, 2000s and 2010s. Therefore, we determine a variable whose group of reference is de

facto censuses in order to standardise flows to the most prevalent census approach in South America.

The second source of error in census-based estimates is related to the omission of infant migrants, who
are those persons whose birth occurred in the country of origin and reached their destination within the
transition interval of interest (Rees et al. 2000, pp.208). Bearing in mind that we use the census question
about residence five years prior to each South American census time, children under five years old are
defined as infant migrants. Following Rogers and Jordan (2004, p.42) and Rogers et al. (2003, p.56),
we assume that the number of foreign-born children aged 0-4 equals the migration flow in the same age
group.

The third source of error in census-based estimates is associated with the omission of non-surviving
migrants. Hinde (2014) and Rees (1977, p.251) define a non-surviving migrant as a person who migrated
from origin i to destination j and died in his/her destination without being registered in the respective
census. The UN Demographic books 1986-2018 provide the total number of deaths in each census place.
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We deduce the number of migrant deaths by multiplying the total of deaths in census country in a given
year by the proportion of the number of migrants in the same year z(1)ijt−1 (see Equation (1) in Section
3.1.1) out of the total population in destination.

The fourth source of error in census-based estimates is caused by the difference in the number of
migrants identified by previous residence and birthplace. Even though migrants can be classified as such
by their residence five years prior to each census in most of the South American censuses, some of the
censuses do not include the question on residence or they do not have the appropriate codes that enable
labelling origins. As a result, migrants can only be identified by their birthplace. This occurs in the 1990
Venezuelan and 2010 Argentinean censuses.

Based on the previous sources of errors in census-based estimates, we take the one-year estimates
obtained in Section 3.1.1 and correct them by (1) standardising flows to the most common census
approach in South America (i.e. de facto approach), (2) removing biases due to the omission of infant
migrants, (3) correcting errors due to migrant deaths and (4) adjusting estimates by the fact that some
censuses only can identify migrants by their birthplace. The corrected flows are the true (unobserved)
flows which refer to the number of migrants whose residence five years prior to each census is different
from the census country. Equation (2) presents the relationship between the expected value of the non-
corrected one-year flows µ(1)

ijt and the true flows yijt:

ln(µ
(1)
ijt ) ∼ Normal

(
ln(yijt) + θX1jt + ωX2ijt + κX3ijt + νX4jt, σ

2
)
, (2)

The term yijt corresponds to the one-year true migration flows deduced from censuses that assume
the de facto approach, corrected for the omission of infant migrants, migrant deaths and when migrants
can be identified by their previous residence instead of their birthplace. The variable X1jt = 1 when
the census is de jure and X1jt = 0 otherwise. While X2ijt refers to the number of children aged 0− 4

moving from origin i to census place j at year t, X3ijt is the number of non-surviving migrants who
moved from origin i to the destination j.The variable X4jt = 1 when birthplace is used to categorise a
migrant as such and X4jt = 0 otherwise.

3.2 Autoregressive Distributed Lag (ADL) sub-model.

The second part of our Bayesian hierarchical model corresponds to an ADL sub-model. This part of
our model aims at (a) imputing migration flows for the intercensal periods from 1986 to 2019, and (b)
forecasting these flows until 2060.

3.2.1 Defining highly correlated variables to estimate and forecast migrant flows - the Shared

Socioeconomic Pathways scenarios: When there is no observed census data (e.g. for the intercensal
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periods), there is the need to use auxiliary variables to estimate/forecast migration flows. To do this,
previous studies have used variables that are highly correlated to migration. These variables are mainly
associated with demographic and economic factors. In the current research, we consider two predictors
to account for the demographic factor. The first one is dependency ratios (Lutz et al. 2018; KC and Lutz
2017). This covariate is selected based on Castro and Rogers (1984), who indicates that the number of
migrants is highly sensitive to the fluctuations in dependency levels of the population at risk of migrating.
We investigate the effect of the difference between the dependency ratio in the year when the transition
between countries can be identified and its lagged version. We also analyse the effect of this difference
in sending and receiving countries.

The second variable related to the demographic factor is the proportion of the population aged 25-34
with post-secondary education attainment (Lutz et al. 2018; KC and Lutz 2017). We define this variable
to account for two matters. The first one is related to Sassone and del Castillo (2014)’s statement, in which
the authors characterise migrants from Europe to South America as high-skilled individuals. Therefore,
we consider the proportion of the population with post-secondary education attainment amongst those in
the most mobile age groups. The second aspect that we seek to capture with this predictor is the fact that
young adults are those who are more likely to migrate (Castro and Rogers 1984; Rogers and Castro 1981).
Moreover, to account for the relative sizes of the population of each country, we decide on working with
proportions instead of counts. Furthermore, we look for the effect of any increase or decrease in these
proportions, for which we define the difference between the proportion of people aged 25-34 years old
with post-secondary education and the lagged variable of it as a covariate. We define this difference for
origins and destinations separately.

Regarding the economic factor, we establish the Gross Domestic Product per capita (GDPPP) as a
variable (Cuaresma 2017). Income can be seen as a proxy of the economic possibility of migrating for
people in the countries of origin and the potential earnings that a migrant might achieve in the countries of
destination (Ortega and Peri 2013; Cornia 2011; Mayda 2010; Girma and Yu 2002). Specifically, we use
the logarithmic transformation of the ratio of GDPPP in origins over the GDPPP in destinations. While
the logarithmic transformation reduces the skewness of the GDPPP variable (Changyong et al. 2014),
working with the ratio of GDPP enables capturing the relative benefits or constraints that a migrant
requires to assess when decides on migrating to another country. In this regard, we include not only a
covariate in the same year when the movement occurs but also a lagged predictor of this variable. This
enables capturing also the effect of the time that the migrant needs to make his/her decision.

The variables of dependency ratios, GDPPP and the proportion of individuals with post-secondary
education attainment are provided by IIASA and were calculated as part of the SSP scenarios (Lutz et al.
2014). The values of the SSP scenarios have been implemented not only to produce global analyses,
but also regional and more local studies that address a broad range of demographic themes (e.g. from
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general topics such as population growth to more specific matters such as migration Reimann et al. 2021;
Jiang et al. 2020; Frame et al. 2018). In addition to research, policymakers have been also widely using
IIASA projections to inform their agendas (e.g. for the Intergovernmental Panel on Climate Change).
So, employing the SSP values makes the current paper an opportunity to assess the versatility of these
estimates.

The initial set of values used in the current research corresponds to the SSP2 scenario (Fricko et al.
2017). This scenario theorises that fertility, mortality and migration will continue having the same current
medium trend (Lutz et al. 2018, 2014, pp.598). Later, in Section 6.3, we assess the impact of the SSP2
values on migration flows. To do this, we replace SSP2 data in the model explained in Section 3.2.2
with the SSP1 and SSP3 values. The SSP1 scenario assumes that there will be low mortality rates,
leading by an improvement of health conditions and education attainment. In terms of fertility, the SSP1
values reflect the hypothesis about medium fertility rates in the richest countries of the Organisation for
Economic Co-operation and Development (OECD) and high fertility rates in the rest of the countries,
producing an acceleration of the demographic transition. Migration is assumed to be medium for all
countries (van Vuuren et al. 2017; Lutz et al. 2014, pp.596-597). By contrast, the SSP3 scenario considers
a world where mortality rates are still high, whereas fertility is low in the richest OECD countries and
high in the rest of the globe. This scenario also assumes low education attainments and migration rates,
but high mortality (Fujimori et al. 2017; Lutz et al. 2014, pp.598). Figure 3 shows the distribution of
dependency ratios, GDPPP and the proportion of the population size aged 25-34 with post-secondary
education attainment in each of the SSP scenarios. As it can be seen, the SSP1 values have a higher
variance than the values of the SSP2 and SSP3 scenarios.

3.2.2 ADL model specification: Many studies have developed and assessed different methods to
forecast migration (Bijak et al. 2019; Bijak 2010; Bijak and Wiśniowski 2010; Wiśniowski et al. 2015;
Disney et al. 2015). Amongst these methods, Bijak et al. (2019) highlights the results obtained from using
ADL models. According to this author, ADL models produce reasonable biases and calibration errors
(i.e. 90%− 100% of observed values were within the 80% intervals estimated by using ADL models).
The author also emphasises that this type of model can deal with not only stationarity time series but
also non-stationarity data. This means that ADL models are useful for capturing steady changes and/or
deterministic tendencies. Furthermore, ADL models allow the analysis of the effect of different covariates
on migration occurring over time.

Based on the advantages that ADL models provide, we define an ADL model to impute and forecast
migration flows from Europe to South America. Equation (3) displays the respective model specification,
in which we extend the ADL models proposed by Bijak et al. (2019) and Cappelen et al. (2015),
accounting for the variables described in Section 3.2.1.
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Figure 3. Box plots of dependency ratios, GDPPP and the proportion of the population size aged 25-34 with
post-secondary education attainment per Shared Socioeconomic Pathways (SSP) scenario.

ln(yijt) ∼ Normal (u+ b yijt−1+

β1(DRjt −DRjt−1) + β2(DRit −DRit−1)+

β3(P25−34jt − P25−34jt−1) + β4(P25−34it − P25−34it−1)+

β5 ln

(
Git

Gjt

)
+ β6 ln

(
Git−1

Gjt−1

)
, σ2

y

(3)

While u is a constant, b is the parameter related to the use of the immediate previous flows t− 1 to
regress values at time t. The term β1 refers to the difference between the dependency ratio and the lagged
variable of it in destinations; β2 captures the divergences between the dependency ratio and the lagged
variable of it in origins; β3 corresponds to the discrepancies between the proportion of people aged 25-34
years old with post-secondary education and the lagged variable of it in origins; β4 is associated to the
differences between the proportion of people aged 25-34 years old with post-secondary education and the
lagged variable of it in destinations; β5 relates to the natural logarithmic transformation of the ratio of the
GDPPP in origins over the GDPPP in destinations; and β6 concerns the lagged variable of the previous
predictor. Whereas the variables based on demographic items (i.e. dependency ratios and proportions of
the population size aged 25-34 with post-secondary studies) contribute to reducing the uncertainty of
forecasting due to not being time-sensitive (Azose and Raftery 2015), the covariate regarding income can
quantify abrupt changes (Kim and Cohen 2010). The term σ2

y indicates the variance of the true flows.
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4 Results

4.1 Poisson-lognormal data sub-model.

4.1.1 Translating five-year data into one-year flows: Figure 4 compares the common logarithmic
transformation of the observed one-year migration flows for censuses which provide this information
(i.e. the 1991, 2000 and 2010 Brazilian, the 2005 and 2018 Colombian census, and the 2011 Uruguayan
census) and the common logarithmic transformation of the translated one-year flows resulted from
Section 3.1.1 with 95% Credible Intervals (CIs). If all observed flows were exactly mirrored by the
translated flows, all values would fall on the 45-degree line in Figure 4. Nonetheless, not all of the
means of the translated flows coincide with the observed data, but the 95% CIs of the first ones do
cover the observed information. Uruguay resulted with the smallest differences between the observed and
translated flows. These small discrepancies might be explained by the fact that migration from European-
born individuals has constituted a big share of the Uruguayan inflows (Koolhaas et al. 2017). Therefore,
assuming the same ratio of migration for foreign- and native-born is sensible.

Figure 4. Common logarithmic transformation of the observed one-year migration flows for censuses which
provide this information (i.e. the 1991, 2000 and 2010 Brazilian, the 2005 and 2018 Colombian census, and the
2011 Uruguayan census) and common logarithmic transformation of the translated one-year flows with 95%
Credible Intervals (CIs).

By contrast, Brazil obtained the biggest differences between the observed and translated flows. In
particular, the greatest gap in the translated flows resulted from the values based on the 2000 census,
mostly from flows coming from Germany and Portugal. In the case of Germany, the predicted estimates
are higher than the observed ones. Conversely, the translated flows from Portugal are smaller than the
observed data. This variation amongst origins could be attributed to the composition of flows from Europe
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Table 2. Parameters related to the correction of measurement errors in census data.

Parameter Mean SD q2.5% Median q97.5% psrf1 ESS2 MCSE3

θ (de jure) -0.05 0.04 -0.17 -0.04 -0.002 1.00 180 0.003
ω (infant migrants) -0.0007 0.0007 -0.0024 -0.0004 -0.00002 1.01 180 0.000
κ (non-surviving migrants) -0.0005 0.0005 -0.0015 -0.0003 -0.00001 1.00 289 0.000
ν (native-born migrants) -0.04 0.04 -0.16 -0.03 -0.003 1.04 180 0.003
σ2 0.37 0.02 0.32 0.37 0.41 1.01 147 0.002

1 Potential scale reduction factor.
2 Effective Sample Size.
3 Monte Carlo standard error

(
MCSE = SD√

ESS

)
(Kruschke 2014, p.187).

to Brazil. While flows from Portugal may be due to foreign-born migrants, migration from Germany may
result from returners.

In the case of Colombia, the translated flows replicate very well the observed values. The major
differences occur in the estimates resulting from the 2005 census. In particular, the disagreements are
in the values from Denmark, Poland and Sweden. However, the results suggest that assuming the same
ratio for foreign and native-born flows from Europe to Colombia is well-founded.

4.1.2 Correction of measurement errors and biases in census data: Table 2 presents the parameters
resulted from the corrections of the measurement errors of census data. The posterior of θ indicates
that the de facto censuses reports, on average, −(exp(−0.05)− 1) · 100% = 5.1% less flows than de

jure censuses, which means that true flows are smaller by the same percentage. Weeks (2016, p. 111)
mentions that a possible explanation for this is the fact that these countries have few foreign workers
coming from Europe.

The parameter ω expresses that for every 20% increase in the number of children aged 0-4 not captured
by censuses, the annual flows estimates resulted from Section 4.1.1) are (1.20−0007–1) · 100% =

−0.012% smaller than the true flows. Similarly, the term κ denotes that the one-year translated flows are
(1.20−0.0005–1) · 100% = −0.009% smaller than the true flows for every 20% increase in the omission
of non-surviving migrants in South American censuses. These results reveal that the error due to the
omission of infant and non-surviving migrants in the one-year translated flows is marginal respecting the
true flows. This agrees with some studies which have been characterising European migrants as single
highly-skilled middle-aged individuals.

The parameter ν implies that censuses, in which migrants could be categorised as such by their
residence (i.e. when both foreign- and native-born migrants could be defined), report (exp(−(−0.04))−
1) · 100% = 4.44% more migrants than censuses, in which migrants could be identified only by their
birthplace. These results provide a hint about the existing gap between the residence-based estimates and
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Table 3. Autoregressive Distributed Lag (ADL) model parameters.

Parameter Mean SD q2.5% Median q97.5% psrf1 ESS2 MCSE3

β1 (dependency ratio in j) -0.56 0.88 -2.39 -0.38 0.85 1.03 210 0.05
β2 (dependency ratio in i) -0.42 0.91 -2.41 -0.38 1.03 1.06 245 0.05
β3 (prop. 25-34 aged pop. with
post-secondary education in j) 2.78 0.97 0.82 2.86 4.57 1.08 260 0.05

β4 (prop. 25-34 aged pop. with
post-secondary education in i) 1.26 0.74 -0.01 1.24 2.64 1.00 260 0.04

β5 (GDPPP ratio in t) -1.92 0.20 -2.33 -1.89 -1.62 1.07 174 0.02
β6 (GDPPP ratio in t− 1) 1.84 0.20 1.53 1.80 2.25 1.06 186 0.02
b 0.95 0.01 0.92 0.95 0.97 1.06 137 0.00
u 0.40 0.10 0.24 0.39 0.61 1.09 190 0.02
σ2
y 0.54 0.02 0.51 0.54 0.58 1.09 260 0.00

1 Potential scale reduction factor.
2 Effective Sample Size.
3 Monte Carlo standard error

(
MCSE = SD√

ESS

)
(Kruschke 2014, p.187).

birthplace-based values. In the case of flows from Europe to South America, the effect of this difference
may be considered negligible. However, the same type of divergences may be greater depending on the
region of origin and destination (see Aparicio-Castro et al. (nd)).

4.2 Autoregressive Distributed Lag sub-model results.

Table 3 presents the posterior of the ADL model parameters. In absolute terms, the parameter β3 holds
the largest effect, which is associated with the difference of the proportion of people aged 25-34 years
old with post-secondary education and the lagged variable of this predictor in origins. This covariate
contributes to predicting a boost of (1.22.78 − 1) · 100% = 66.07% in the true flows for every 20%

increase in this difference.

The parameter β5 relates to the natural logarithmic transformation of the ratio of the GDPPP in origins
over the GDPPP in destinations. The mean of the posterior of β5 = 2.78, indicating that an increment of
20% in this covariate predicts a decrease in the true flows of (1.2−1.92 − 1) · 100% = −29.57%. This is
sensible, considering that 99.95% of the ratios of the GDPPP in origins over the GDPPP in destinations
are greater than 1. This implies that the GDPPP in origins are bigger than the GDPPP in destinations.
This suggests that migrants see small financial benefits from moving to South America (Ratha and Shaw
2007, pp.17-19).

The term β6 concerns to the lagged variable of the natural logarithmic transformation of the ratio of
the GDPPP in origins over the GDPPP in destinations. It shows the effect of change of this covariate on
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estimating migration flows. In particular, a growth of 20% signifies that this variable predicts an increase
in the true flows of (1.2−1.84 − 1) · 100% = 39.88%.

In the case of the terms β1, β2 and β4, the CIs contains 0. This means that neither the difference of the
dependency ratio and the lagged variable of it in destinations and origins nor the growth of the proportion
of people aged 25-34 years old with post-secondary education and the lagged terms of this variable in
destinations makes a difference when imputing and forecasting migration flows.

5 The true flows

Figure 5 portrays the posterior means and the 95% CIs of the estimated and forecast corridor-specific
migration flows from the 14 European countries selected in Section 2.1 to the 10 biggest South American
countries.

5.1 The estimated true flows.

The estimated true flows comprehend the period from 1986 to 2019. The 95% CIs of these estimates
contain approximately 84% of the non-corrected one-year migration flows derived in Section 3.1.1. The
total number of migrants who moved from the selected European countries to South America across the
period from 1986 to 2019 is around 4.6 million people. The trend of the true flows gradually increase
from 86k migrants to a peak of 122k migrants in 1990. From 1991 to 1996, flows range between 94k

and 104k migrants. In 1997, a jump happens, reaching 138k migrants. Then, the number of migrants
plummet, hitting the lowest point of 83k migration flows in 2000. After 2000, flows started climbing
gradually until 2008. At this point, the tendency of flows rocket from 101k to 237k in 2017 (the highest
point of the true flows). After this, flows continue increasing moderately until 2019 when the estimates
fall to 218k.

The most active corridor from 1986 to 2019 is the Portugal-Brazil one with more than one million
migrants. This agrees with the facts that (a) Brazil is the main destination of flows coming from Europe,
hosting approximately 33% of them, and (b) Portugal is the country which contributes the biggest share
of migrants towards South America (about 42% of migrants). Venezuela, Argentina and Chile have the
second, third and fourth-largest proportions of all inflows from 1986 to 2019: 15.17%, 15%, and 13.22%,
respectively. Bolivia is the least common destination. Only 1.63% of migrants arriving from Europe
moved to Bolivia. This coincides with the fact that Bolivia integrates half of the 10% of the least active
country-specific corridors from 1986 to 2019. In terms of origins, the UK contributes with the smallest
proportion of migrants towards South America (1.26%). Sweden and Switzerland provide the second and
third smallest percentages of migrants (1.46% and 1.40%, correspondingly).
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Figure 5. Natural logarithmic transformation of the estimated and forecast one-year (true) migration flows (solid red line) with 95%
Credible Intervals (CIs) (gray area) from 14 selected European countries to South America from 1986 to 2060. Blue solid line represents
the observed data. Dashed vertical lines refers to 2019, when the forecast migration flows start.
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5.2 The forecast true flows.

The forecast true flows comprehend the period from 2020 to 2060. As it was expected, the 95% CIs of the
forecast true flows are wider than the 95% CIs of the estimated values. On average, around 3.43 million
(3.23− 4.8 million) are expected to migrate from Europe to South America between 2020 and 2060. It is
anticipated that, annually, the number of migrants oscillates between 48k and 1.3 million of individuals.
The lowest number of persons moving from Europe to South America will be recorded in 2034 with 48k

individuals, whilst the highest number of movers is forecast to be in 2045 with 130k migrants.

The inflows in Argentina, Venezuela and Chile (18.67%, 17.89%, and 15.20%, respectively) are
expected to be highest. By contrast, Bolivia, Peru and Ecuador are likely to have the smallest percentages
of migrants coming from Europe (2.12%, 2.31%, and 6.17%, correspondingly). In terms of origins,
Poland, Germany and Denmark will contribute with more than 35% of migrants to South American
countries. Belgium will provide the smallest share of flows (only 3.53%).

6 Sensitivity analysis

6.1 Assessment of estimated flows: comparative analysis

Since there is not a set of gold standard estimates to assess how sensible our resulting true flows are,
we compare our estimated flows against the number of emigrants by country of next residence reported
by Eurostat (see Figure (6)). We reduce the period of comparison from 1986− 2019 to 1998− 2019,
for which Eurostat information is available. With a Pearson correlation coefficient of 0.73, we can say
that both sets of values have a strong relationship, suggesting that they share similar trends. It must be
highlighted that around 55% of Eurostat values are higher than the mean of our estimated flows. This
can be attributed to the fact that data extracted from Eurostat correspond mainly to administrative data,
which, most of the time, employs nationality as a criterion to define who is a migrant (Eurostat nd). By
contrast, our estimates use transition data extracted from censuses, in which migrants are identified by
their residence.

6.2 Assessment of forecast flows: partial removal data.

To assess the variation of the forecast values, we remove partially some input data and set a validation
model with them. We remove data for the most recent censuses. They correspond to the 2017 Chilean,
2018 Colombian and 2017 Peruvian censuses (i.e. censuses after 2015). Then, we forecast the removed
values and compare them with the estimates obtained from the original model whose input data was
the full data set. Figure (7) portrays the scatter plot between the natural logarithmic of the true flows
calculated with complete data and data with partially removed values. As it can be seen, not all the
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Figure 6. Natural logarithmic transformation of the number of emigrants by country of next residence reported
by Eurostat and the estimated true flows with 95% Credible Intervals (CIs) per destination.

estimates obtained from the latter coincide with the values resulted from using the complete data set.
Nevertheless, the interquartile ranges of both sets of values overlap and fall over the 45-degree line of the
plot, indicating that their difference is not statistically significant.

6.3 Assessment of impact of Shared Socioeconomic pathways on estimated and
forecast true flows.

The original model of the present paper uses the SSP2 values as input data. This scenario foresees that
fertility, mortality and migration follow a steady path (Lutz et al. 2018, 2014). We assess the impact
of employing the SSP2 values on the estimated and forecast true migration flows, replacing the SSP2
input data in our model with the SSP1 and SSP3 values. While the SSP1 scenario presupposes a rapid
development of fertility and education, as well as low mortality rates (van Vuuren et al. 2017), the SSP3
scenario hypothesises a stalled demographic transition, in which the richest OECD countries would have
population decrements and the developing countries would have an increase on their population sizes.
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Figure 7. Natural logarithmic of the estimated and forecast true flows calculated with complete data and data
with partially removed values. We delete data from the 2017 Chilean, 2018 Colombian and 2017 Peruvian
censuses. The horizontal lines refer to the interquartile ranges for estimates gauged from the complete data.
The vertical lines indicate the interquartile ranges for estimates computed from data with partially removed
values. The intersect of the interquartile ranges is the mean of both sets of lines.

Education and migration are assumed to be low for all countries in the SSP3 scenario (van Vuuren et al.
2017; Fujimori et al. 2017; Lutz et al. 2014).

Figure (8) compares the natural logarithmic transformation of the estimated and forecast true flows
based on the SSP1 and SSP2 assumptions. The vertical lines indicate the interquartile ranges for the
SSP1-based estimates. The horizontal lines refer to the interquartile ranges of the original model that
employs the SSP2 information. The intersect of the interquartile ranges is the mean of both sets of lines.
The fact that most of the mean estimates are above the 45-degree line in Figure (8) implies that the SSP1-
based results are greater than those obtained holding the SSP2 assumptions. Nonetheless, it must be
highlighted that the CIs of both sets of estimates overlap and fall over the 45-degree line, which implies
that the difference between them is negligible. In addition, the 95% CIs obtained from using the SSP1
data are wider than the SSP2-based CIs. This may be reflecting the fact that the SSP1 variables have a
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larger variance than the SSP2-scenario data (see Figure (3)). The Pearson correlation coefficient between
the SSP1- and SSP2-based results is 0.70, suggesting a strong association between both sets of values.

Figure (9) presents the scatter plot between the natural logarithmic transformation of the estimated and
forecast true flows based on the SSP1 and SSP2 with their respective 95% CIs. Similar to the previous
case, the vertical lines indicate the interquartile ranges for the SSP3-based estimates, whilst the horizontal
lines refer to the interquartile ranges of the original model. The correlation between the SSP2-based
estimates and the SSP3-estimates is weaker (ρ− 0.75) than the correlation between the SSP2- and the
SSP1-based values. This may be explain by the fact that the SSP3 scenario assumes that migration is low
as opposed to the SSP1 and SSP2, in which migration maintain a medium trend.

Figure 8. Natural logarithmic transformation of the estimated and forecast true flows based on Shared
Socioeconomic Pathways (SSP) 2 and 1 scenario values with 95% Credible Intervals (CIs) per destination.
The horizontal lines refer to the interquartile ranges of the SSP2-based resulted values. The vertical lines
indicate the interquartile ranges for the SSP1-based estimates. The intersect of the interquartile ranges is the
mean of both sets of lines.

We select the estimated and forecast true flows from Italy to Argentina from 1986 to 2060 to see in
more detail the impact of the SSP scenarios on our results. In the case of the estimated true flows until
2019, Figure (10) shows that using any of the set of the SSP values does not affect much either the
estimated flows or the respective 95% CIs. By contrast, the forecast values do have a variation depending
on the set of projections used. While the average true flows do not differ from each other, the mean of the
forecast values based on the SSP3 values is slightly smaller than the other sets of values. Additionally,
the 95% CIs do seem to be affected by the set of SSP values used. The resulting estimates based on
the SSP1 scenario have a higher variance than the values of the SSP2 and SSP3 scenarios. This may be
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Figure 9. Natural logarithmic transformation of the estimated and forecast true flows based on Shared
Socioeconomic Pathways (SSP) 2 and 3 scenario values with 95% Credible Intervals (CIs) per destination.
The horizontal lines refer to the interquartile ranges of the SSP2-based resulted values. The vertical lines
indicate the interquartile ranges for the SSP3-based estimates. The intersect of the interquartile ranges is the
mean of both sets of lines.

explained by the fact that the SSP1 data have a higher variation than the one presented in the SSP2 and
SSP3 scenarios (see Figure (3)).

Figure 10. Natural logarithmic transformation of estimated and forecast true flows from Italy to Argentina from
1986 to 2060.
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7 Concluding remarks

7.1 Contribution

We estimated a complete and consistent time series of annual migration flows from 14 selected European
countries to the 10 biggest South American countries from 1986 to 2060. As opposed to UNDESA (2015)
or Bijak et al. (2019), who gauged net migration or gross migration, we calculated bilateral migration
flows. This was done by using census data, which enables overcoming cross-national differences in
the definition of who constitutes a migrant, given that census data collection follow commonly shared
guidelines.

Building a complete and consistent set of values was possible by implementing a two-part hierarchical
Bayesian model. The first part of our model was able to translate five-year transition data into one-year
flows, making five-year data with unmatched starting and ending years comparable. This first part of our
proposed model also constitutes an alternative to deal with the five-/one-year problem that several studies
have attempted to solve (e.g. Dyrting 2018; Rogers et al. 2010; Rogerson 1990; Kitsul and Philipov 1981;
Rees 1977), providing measures of uncertainty.

Additionally, this first part of our model tackled four of the usual sources of errors in census-based
estimates. In particular, our model addressed the biases produced by (a) the differences in the number of
migrants that are registered in the de jure and de facto censuses, (b) the omission of infant migrants, (c)
the unableness of censuses for capturing non-surviving migrants, and (d) the divergences in the number
of migrants caused by the possibility of identifying them by their previous residence and birthplace.

The second part of our proposed hierarchical Bayesian model research (a) extends the ADL models
used by Bijak et al. (2019) and Cappelen et al. (2015) for forecasting Europe-South America migration
flows, evidencing that this type of model can handle not only stationarity time series but also non-
stationarity data. Furthermore, the second part of our model used projections gauged by IIASA as part of
the SSP scenarios (Lutz et al. 2018; KC and Lutz 2017; Cuaresma 2017; van Vuuren et al. 2017; Fricko
et al. 2017; Fujimori et al. 2017), proving the versatility of these values.

The resulting true migration flows and the sensitivity analysis performed as part of this research
indicates that our hierarchical Bayesian model produces sensible and consistent results. Besides this, the
outcome of our sensitivity analysis provides a hint of the magnitude of the difference between estimates
computed based on different types of data, in which migrants are identified, e.g., by their residence and/or
birthplace.

7.2 Limitations and future work

The present research is mostly limited by the type of data used to estimate migration flows. Future work
should integrate census migration data with other sources (e.g. administrative data) to counteract the
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biases produced by using census data. Moreover, the current study has only estimated the total flows.
A further study could disaggregate flows by age, sex, education, and types of migrants (e.g. returners).
This would allow the characterisation of who is leaving Europe towards South America, enabling the
discussion of statements such as the Sassone and del Castillo (2014)’s one, who hypothesise that migrants
from Europe to South America are mostly high-skilled individuals. Finally, further research could elicit
expert opinion on specific aspects of the model, such as model parameters and inclusion of corridor-
specific variables. This might improve the resulting estimates and forecast values.
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