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Abstract

BACKGROUND
International migration is influenced by economic and social factors that change over
time. However, given the complexity of these relationships, global population scenar-
ios to date include only stylized migration assumptions that do not account for changes
in the drivers of migration. On the other hand, existing projection models of interna-
tional migration do not resolve all demographic dimensions necessary to interact with the
cohort-component models typically used for population projections.

OBJECTIVE
Here we present a global model of bilateral migration that resolves these dimensions
while also accounting for important external, economic, and social factors.

METHODS
We include age, education, and gender dependencies into a recently developed model of
migration by origin, destination, and country of birth. We calibrate the model on bilateral
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flow data, couple it to a widely used cohort-component population model, and project
migration until 2050 under three alternative socioeconomic scenarios.

CONCLUSIONS
The extended model fits data better than the original migration model and is more sensi-
tive to the choice of socioeconomic scenario, thus yielding a wider range of projections.
Regional net migration flows projected by the model are substantially larger than in the
stylized assumptions. The largest flows are projected in the most economically unequal
scenario, while previously, the same scenario was assumed to have the smallest flows.

CONTRIBUTION
The results offer an opportunity to reconcile stylized migration assumptions with quan-
titative estimates of the roles of important migration drivers. The coupled migration-
population modeling framework means that interactions between migration and other de-
mographic processes can be captured, and the migration component can be evaluated in
more detail than before.

1. Introduction

In many developed countries, migration is the dominant driver of demographic change,
with fertility and mortality changing only slowly (UN DESA 2020). As a result, inter-
national migration cannot be neglected when investigating the demographic structure of
both sending and receiving countries and specifically when estimating future population
sizes and composition. State-of-the-art country-level population projections account for
migration by specifying future net migration counts as a continuation of past levels or
trends (UN DESA 2019b, 2022) or by assuming constant in- and out-migration rates at
some percentage of past rates (KC and Lutz 2017; Lutz et al. 2018; Potančoková, Ston-
awski, and Gailey 2021). Some of these scenarios also involve a convergence toward zero
net migration.

The advantage of such stylized assumptions is that they are easy to understand and
circumvent many of the difficulties and uncertainties associated with forecasting future
migration (Bijak 2010). Indeed, there are many complexities in the relationships between
migration and its drivers, and between different drivers, that defy exact quantification or
even a complete conceptual understanding given the paucity of related data (Bijak and
Czaika 2020; Czaika and Godin 2022). On the other hand, a number of important in-
teractions between migration and other variables are relatively well documented but are
not taken into account in the projections mentioned above. For example, it has been
shown that existing bilateral migrant networks, or diasporas, are strongly associated with
increased migration, with the potential of creating a positive feedback between migrant
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stocks and flows (Beine 2016; Hatton and Williamson 2005; Massey et al. 1993). While
the magnitude of this feedback may be difficult to assess and subject to the influence of
many competing effects, assuming constant migration counts or rates completely rules
out any feedback.

More generally, it is not clear whether assuming present-day migration rates or
counts (or any given percentage of them, for that matter) for, say, the year 2050, is consis-
tent with other assumptions made in the population projections and underlying scenarios.
For instance, educational attainment has been used to construct fertility rates (Lutz, Butz,
and KC 2014). However, these same levels of education do not enter the migration as-
sumptions, even though migration rates can differ significantly between low and highly
skilled populations (Docquier and Marfouk 2004). The world in 2050 will also likely
differ from today’s in terms of income levels and economic inequalities, which might
lead to changes in migration patterns that are not reflected in simple extrapolations of
present-day migration rates or counts.

The goal of this paper is to replace the stylized migration assumptions in a state-
of-the-art population projection model (the cohort-component model developed at the In-
ternational Institute for Applied Systems Analysis (IIASA) (Lutz et al. 2018; Lutz, Butz,
and KC 2017) for Horizon 2020’s Future Migration Scenarios for Europe (FUME) project
and model) with a mechanistic model of bilateral migration that accounts for key socioe-
conomic variables thought to drive migration. We build on a recently developed model of
bilateral migration by country of birth, origin, and destination (Rikani and Schewe 2021)
and extend it to account for the effects of age, education, and gender. These additional
dimensions allow coupling the migration model with the FUME and give the possibility
to explore specific demographic dimensions of future migration projections. We evaluate
the extended model by measuring the explained proportion of variance in bilateral mi-
gration flow data and by comparing its results with those of the baseline model. We then
present projections of bilateral migration flows obtained from the coupled migration–
population projection model under three different scenarios and compare them with the
stylized migration assumptions used previously. Furthermore, we provide the projected
migration rates for each world region disaggregated by age, skill, and gender.

2. Methods and data

In this section, we first introduce the baseline migration model, followed by our exten-
sions. Afterwards we briefly elaborate on the population projection model that provides
dynamic population estimates, serving as input for our migration projections, followed
by a section on the coupling process between both these models. Last, we introduce
data used for calibration, evaluation, and projection, and present the measures used to
determine the model’s performance.
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2.1 Migration model

2.1.1 Baseline model

We start with a deterministic, multiplicative model of bilateral international migration
flows by country of birth, origin, and destination, describing migration as a function of
the population at risk of migrating, the size of the bilateral diaspora, and average income
levels in origin and destination countries (Rikani and Schewe 2021). The number of
migrants born in k moving from country i to country j (i ̸= j, j ̸= k) is modeled as

Mk,i→j = σF (Gi)g
αg

j p
αp

k,jPk,i, (1)

where Pk,i denotes the population stock of individuals born in k and residing in i, Gi the
gross domestic product per capita (GDPpc) of the origin country, and gj = Gj/GGlob

the relative GDPpc of the destination country, where GGlob denotes the global averaged
GDPpc. pk,j = Pk,j/Pk is the relative diaspora (i.e., the proportion of people born in k
and residing in j in terms of the total number of people born in k and residing outside of
k). σ, αg , αp are fitting parameters.

The function F (Gi) is given by

F (Gi) = Fintent(Gi) · Fresource(Gi) =
1

1 + Gi

Ĝ

1

1 + e−γ(Gi−G̃)
, (2)

where Ĝ, G̃, and γ are fitting parameters. The first term Fintent(Gi) is a hyperbolic
function that yields higher values for low-income levels; it is a stylized representation of
the prevalence of migration intentions, being stronger for poorer countries than for richer
countries. The second term Fresource(Gi) is a sigmoidal function that yields higher val-
ues for high-income levels; it is a stylized representation of the resources (financial and
other) available to potential migrants to afford moving. Combining these two functions
results in a hump shape with a maximum for intermediate levels of GDPpc, closely re-
producing a nonparametric fit of the variation of estimated out-migration rates in terms
of origin-country GDPpc (Rikani and Schewe 2021). This ‘migration hump’ has been
documented in migration flow and stock data, and migration intentions and resource con-
straints have been suggested as causes, along with other factors (Hatton and Williamson
2005; De Haas 2007; Clemens 2014; Williamson 2014; Martin and Taylor 1993).

Apart from this nonlinear term, the form of Equation (1) is similar to ‘gravity-type’
regression models commonly used in econometric analyses of migration (e.g., Grogger
and Hanson 2011; Ortega and Peri 2013; Beine 2016; Helbling and Leblang 2019; Wes-
selbaum and Aburn 2019). Both other predictor variables, destination income levels and
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the size of existing bilateral diasporas, have been shown consistently to have a strong posi-
tive effect on bilateral flows; the former is thought to be related to economic opportunities
as a major ‘pull factor’, while the latter is explained by the diaspora’s role in lowering
migration costs for newcomers and easing their access to the labor market, among other
factors (Beine, Docquier, and Özden 2011; Beine 2016; Massey et al. 1993). Notably, the
inclusion of the diaspora variable renders insignificant many other dyadic variables – such
as common language, geographic distance, or colonial ties – that are important in other
models (e.g., Ortega and Peri 2013). Another difference from common ‘gravity’ models
is that, because of the nonlinear origin-GDP term, the model cannot be estimated in logs
using linear least squares estimators. Instead, the untransformed model is estimated using
nonlinear least squares, which also helps to accommodate zero-values inflow and stock
data, possibly leading to biases in log-transformed models (Santos Silva and Tenreyro
2006).

This simple model neglects many other factors (drivers) that have been shown in
some contexts to influence international migration, such as migration policies (Mayda
2010), political stability (Giménez-Gómez, Walle, and Zergawu 2019), or environmental
change (Black et al. 2011). On the other hand, using country of birth as an additional
dimension besides country of origin and country of destination, the model can account
separately for out-migration and return-migration. Especially return-migration flows can
be of significant magnitude (Azose and Raftery 2019). While out-migration is described
by Equation (1), return-migration is modeled as a linear function of the population at risk:

Mi,j→i = κPi,j , (3)

with κ being a linear scaling factor. This is motivated by findings indicating that the
number of return-migrants strongly correlates with the size of the corresponding diaspora
(i.e., the relevant population at risk); whereas economic factors, for example, only have
a limited impact on return flows (Rikani and Schewe 2021; Constant 2020; Battistella
2018).

While Equation (1) through (3) model migration flows at a given time step, popula-
tion stocks evolve according to

Pk,i (t+ 1) =

P̃k,i(t) ·
(
1− r†k

)
k ̸= i

P̃i,i(t) ·
(
1 + r∗i − r†i

)
+

∑
l ̸=i P̃l,i(t) · r∗l k = i

, (4)

where P̃k,i(t) = Pk,i(t) −
∑

j ̸=i Mk,i→j +
∑

j ̸=i Mk,j→i and r†i , r∗i being the country
specific mortality and fertility rates, respectively. This system of equations allows for
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projecting migration flows and population stocks over time. In the following, we present
and test several modifications to these equations.

2.1.2 Extended model

To now extend this model, we first replace the destination GDPpc term in Equation (1)
with a destination-to-origin GDPpc ratio. Second, instead of the general exponent used
for the previous destination GDPpc term, we add gender-dependent exponents to the
destination-to-origin GDPpc ratio. Third, we replace the general diaspora exponent with
skill-dependent exponents. Next, we introduce age as another dimension, through age-
specific multiplicative factors in Equation (1). Finally, we replace Equation (4) with a
state-of-the-art cohort-component population projection model based on Lutz, Butz, and
KC (2017) and Lutz et al. (2018) (FUME). From the perspective of the migration model,
this last step allows endogenizing projections of age-specific fertility, mortality, and edu-
cation transitions, and accounting for, for example, for the interaction between education
and fertility, instead of assuming uniform fertility and mortality rates. From the perspec-
tive of the population model, previous migration assumptions, based on linear extensions
of past mean migration rates or trends, are replaced with a mechanistic migration model
that accounts explicitly for the roles of major drivers of global migration: diasporas, eco-
nomic differences in countries of origin and destination, and natural population change.
It also importantly accounts for interactions between different migration corridors.

Extending the migration model to have age, education, and gender dimensions is
a technical necessity for coupling it with the cohort-component population projection
models. However, including age, education, and gender effects also reflect important
heterogeneities observed in the real world. Additionally, it enables a more detailed anal-
ysis of the migration projections, allowing users to examine each of the 12 demographic
cohorts (3 age, 2 sex, 2 education) separately.

It has been shown that all three factors have major impacts on migration behavior
(Lutz et al. 2018; Kaczmarczyk and Okólski 2005; Bijak et al. 2005; Docquier and Mar-
fouk 2004). The scale of migration differs significantly between different age groups
(Raymer, De Beer, and Van der Erf 2011; Raymer and Wiśniowski 2018; Wiśniowski
et al. 2016; Zagheni and Weber 2012): The highest mobility is typically observed for
young adults in their twenties and early thirties. Mobility is lower for older age groups as
well as for children, except for very young children who have not entered school yet. Al-
though details vary, the general shape of this age profile can be found for many countries
(Wiśniowski et al. 2016; Zagheni and Weber 2012; Nawrotzki and Jiang 2015).

Similarly, the educational attainment of an individual may have a significant impact
on her/his mobility and prospects when choosing potential migration destinations (Doc-
quier and Marfouk 2006). Research shows that there is a discrepancy when comparing
the migration flows of high- and low-skilled workers (Arif 2022), – for example, esti-
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mating more high-skilled individuals to change their residence than low-skilled workers
(Docquier and Marfouk 2004; Dao et al. 2021; Massey et al. 1993). These differences can
be caused by origin-related factors, like the financial capability of affording such a trip, as
well as destination-related factors, such as job opportunities and wages (Cattaneo 2007).

Furthermore, literature shows that gender can play a major role when estimating the
number of migrants. Considering only the total numbers, it has been observed that men
move more often than women do (UN DESA 2022). This gender migration gap cannot
be assumed to be uniform. The ratio of female to male migrants varies significantly with
different origins and destinations. Reasons for such differences can be diverse. Some
literature focuses on external factors, finding that the number of women migrating in-
creases with women’s economic freedom and women’s rights (Neumayer and Plümper
2021). Considering individual motives, studies state that women move more often for
educational purposes than men do but less often for business and economic-related rea-
sons (Yilma and Regassa 2019; Williams 2009). Additionally, gender plays into other
factors that are known to be important when considering migration choices – for exam-
ple, that overqualification affects migrant women more than male migrants (Akgüç, M.
and Parasnis, J. 2023).

We include a simple first-order representation of these effects in the global migration
model. Replacing the destination-GDPpc term in Equation (1) with the destination–origin
GDPpc ratio, and accounting for multiple education levels, age groups, and genders in
both Equations (1) and (3), we write

Ms,e,a,k,i→j = σaF (Gi)

(
Gj

Gi

)αg,s

p
αp,e

k,j Ps,e,a,k,i (5)

for out-migration and

Ms,e,a,i,j→i = κaPs,e,a,i,j (6)

for return-migration.
While the model would mathematically allow it to be used for transit migration, it

would take a considerable amount of computational power to calibrate such a model and
even more to couple it with the existing population projection model. Therefore, transit
migration is not included in this study.

Indices e ∈ {l,h}(l=low, h=high), a ∈ {0–24, 25–64,65+}, and s ∈ {f ,m}(f=female,
m=male) denote education level, age group, and gender, respectively.

The high education level corresponds to ISCED-97 levels 3–6, (i.e., at least upper-
secondary education), whereas the low education level corresponds to ISCED-97 levels
0–2. Our choices for the delineation of education levels and age groups are based on the
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structure of available datasets (Wittgenstein Centre for Demography and Global Human
Capital 2018), as well as the goal to avoid unpopulated cohorts.

In this study, we propose a refinement in modeling migration flows by replacing the
previously used metric of relative destination GDPpc with a novel GDPpc destination–
origin ratio. This approach redefines the ‘pull factor’ by highlighting migration corridors
that were previously underrepresented. By focusing on the GDPpc comparison between
destination and origin countries, this method acknowledges destinations that are relatively
more attractive in their regional context, even if they possess a globally lower GDPpc.
This shift in perspective could be crucial in identifying and understanding migration pat-
terns to destinations that, under the previous model based on relative destination GDPpc
alone, might have been overlooked due to their less prominent global economic standing.

Furthermore, we included the education/skill dependency by implementing skill-
dependent diaspora coefficients, assuming that already-existing migrant communities have
differing effects on people based on their skill. These assumptions are supported by lit-
erature, such as Beine, Docquier, and Özden (2010), who find that countries with larger
diasporas will attract a higher proportion of low-skilled migrants, or Kracke and Klug
(2021), who hypothesize that larger diasporas increase the effects of overqualification.

The effect of age on the size of migration flows is limited to the linear scaling fac-
tors σa and κa. This implies, in particular, the assumption that the reasons why migration
rates differ between age groups are unrelated to any of the other model variables, (i.e.,
GDP or diasporas).

Our approach assumes different levels of mobility between three broad age groups –
youth (below 25 years of age), working-age (25 to 64), and retired (65 and above) –
allowing us to capture in a crude way the observed age profiles discussed above, with
higher migration rates in the working-age population and lower migration in the young
and the elderly populations. Because our parameters are globally uniform, we do not ac-
count for phenomena pertaining to specific migration corridors – for example, retirement
migration, such as from Great Britain to Spain (Wiśniowski et al. 2016).

In our efforts to integrate gender dynamics into the migration model, we exam-
ined the sex-specific migration flow estimates provided by Abel and Cohen (2022). Our
analysis sought to identify correlations between these estimates and the existing migra-
tion drivers in our model. Notably, we observed a higher proportion of male migrants
in corridors where the GDPpc of the origin country was lower than that of the destina-
tion country (Figure 1). Conversely, the majority of migration flows where the destination
GDPpc is lower than the origin’s GDPpc are dominated by female migrants. Additionally,
an increase in the average origin GDPpc was noted in migration corridors with a rising
origin-to-destination GDPpc ratio. These observations are consistent with the findings
of Neumayer and Plümper (2021), which suggest a trend of increased female migration
from countries exhibiting greater gender-related economic freedom. Furthermore, these
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patterns echo the research by Naveed et al. (2023), linking gender equality with economic
growth.

Figure 1: Migration flows by gender depending on-origin-to destination
GDP per capita ratio and origin GDP per capita for the related
bins

Source: Migration data from F1, GDP data from G1, G2.
Notes: For data abbreviations please refer to Table A-1. Migration flows (indicated by orange and blue bars) were
binned on the log scale. Origin GDP per capita (indicated by black dots) values were averaged for each bin.

To understand the effects of our model extensions, we additionally investigate three
intermediate models: one accounting only for education but neither gender nor age,

Me,k,i→j = σF (Gi)

(
Gj

Gi

)αg

p
αp,e

k,j Pe,k,i, (7)

Me,i,j→i = κPe,i,j ; (8)

one accounting only for gender,

Ms,k,i→j = σF (Gi)

(
Gj

Gi

)αg,s

p
αp

k,jPs,k,i, (9)

Ms,i,j→i = κPs,i,j ; (10)

and the last one accounting only for age,
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Ma,k,i→j = σaF (Gi)

(
Gj

Gi

)αg

p
αp

k,jPa,k,i, (11)

Ma,i,j→i = κaPa,i,j . (12)

2.2 Population projections

The population is projected using the FUME, based on the previously developed model
at Wittgenstein Centre for Demography and Global Human Capital (WIC, a multi di-
mensional demographic cohort-component model (Rogers 1975; Keyfitz 1985) with the
population disaggregated by age, sex, and education).

The WIC population projection model uses education-specific fertility, mortality,
and educational transitions – informed by a global expert inquiry – to project the popu-
lation in 201 countries by age, sex, and education (Lutz et al. 2018; Lutz, Butz, and KC
2017). The population in the projection is stratified into five-year age groups (0–4, 5–9,
. . . ., 100+), six levels of educational attainment (no education, some primary, primary,
lower secondary, upper secondary, and post-secondary), and sex. Inputs to the projection
model are education-, age-, and sex-specific mortality rates; education- and age-specific
fertility rates; and education transitions by sex and age.

To incorporate the new migration model in the FUME population projection, the
population projection model was expanded with the additional dimension of country of
birth. The population is therefore subdivided by country of birth in addition to the above-
mentioned dimensions of age, sex, and education. In the work of implementing country
of birth in the projections, additional data were analyzed to produce country-of-birth-
specific mortality, fertility, and education transition rates (Eurostat 2023; Statistics Swe-
den 2023). However, the analysis of available data showed small differences in mortality
and fertility between native-born and foreign-born in countries with available data, such
as the Nordic countries. Larger differences between groups are observed by education
rather than by country of birth. Moreover, many countries lack the records necessary
to produce country-of-birth-specific mortality, fertility, and education transition rates.
Therefore, it is assumed in the population model that there are no mortality and fertil-
ity differences by country of birth.
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2.3 Model coupling

In the following, we briefly summarize the coupling procedure between the migration
and the underlying population projection model. A sketch of this process is displayed in
Figure 2.

Figure 2: Scheme of the projection model

Notes: Sharp corners indicate datasets, round corner indicate processes. Dotted lines indicate processes that are
performed within the migration model. COR = Country of residence; COB = Country of birth.

Each time step of the coupled model consists of the following steps: (1) application
of mortality and educational transition rates; (2) estimation and application of bilateral
migration flows; and (3) application of fertility rates. The input data that the migration
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model receives from the population projection model consist of population stocks by ed-
ucation, sex, age, and country of residence for non-EU countries, and population stocks
by education, sex, age, place of residence, and country of birth for EU countries. These
data have six education groups, 21 age groups, and two genders; to use them in the migra-
tion model, we aggregate into the two education groups and three age groups mentioned
above. Separately, the population model also provides population stocks by country of
birth and country of residence for all countries but is not broken down by education, sex,
and age. However, to calculate return flows, the migration model requires migrant stocks
by country of birth, age, education, and sex for non-EU countries too. To estimate these
stocks, we start by calculating the fraction of the total population assigned to a specific
age, sex, and education cohort for each country:

χs,e,a,i =
Ps,e,a,i∑

s,e,a Ps,e,a,i
. (13)

We then apply these fractions to the diaspora data Pk,i, which are available for each
country:

Ps,e,a,k,i = χs,e,a,k Pk,i. (14)

That is, for non-EU countries, we assume that the age, sex, and education distribution of
the total population applies equally to migrants and non-migrants.

After estimating the migration rates, we extend these rates to fit the more fine-
grained cohort structure of the population projection model, by assuming that migration
rates are equal within each age and education cohort of the migration model. For exam-
ple, the migration rate calculated for the 0 to 24 years age group is applied equally to the
0 to 4, 5 to 9, 10 to 14, 15 to 19, and 20 to 24 years age groups in the population model.

Once migrants are attributed to their respective destinations, they are subject to the
fertility, mortality, and education transition rates of the country of residence. We did not
implement any mechanics for people to lose their education when migrating, which might
occur if destination countries do not acknowledge certain foreign degrees or education.

Furthermore, it should be mentioned that in order to investigate the impact of differ-
ent, isolated scenarios on the migration model, the population projections always follow
the SSP2 assumptions (Lutz et al. 2018; Lutz, Butz, and KC 2017), while the migra-
tion model simulates SSP1, SSP2, and SSP3. SSP1, titled ‘Taking the Green Road,’
emphasizes environmental conservation, reduced reliance on resources, and diminishing
inequality. SSP2, known as ‘Middle of the Road,’ depicts a scenario where current soci-
etal, economic, and technological trends progress at a moderate pace without significant
shifts. SSP3, ‘A Rocky Road,’ portrays a scenario of a divided world marked by increas-
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ing nationalism, regional conflicts, and diminished international cooperation, resulting in
inequality and decreasing technological progress (O’Neill et al. 2014).

2.4 Data

We calibrate and evaluate the model on 172 countries (Table A-6). This number is the
result of intersecting several datasets, such as population, GDP, or diaspora data. All
datasets are summarized in Table A-1. Hereafter, we use the abbreviations listed in the
table when discussing these datasets.

For the population data, we use datasets P1 and P2, describing bilateral migrant
stocks obtained from the UN Department of Economic and Social Affairs and total popu-
lation estimates by age, education, and sex from the Wittgenstein Centre for Demography
and Global Human Capital (for further information on data from the Wittgenstein Centre,
we refer to Lutz et al. (2018)).

The total population stocks are divided into 21 five-year age groups, ranging from 0
to 4 years to 100+ years; ten educational attainment groups ranging from no education to
master and higher; and female and male. To match the cohort structure of the migration
model, we aggregate the different levels of educational attainment and age groups to
obtain high- and low-skilled population ratios for three broad age groups of 0 to 24yrs,
25 to 64yrs and 65+ years. No educational attainment level is indicated in P2 for age
groups below age 15, given that these are children of school and preschool age. For the
migration model, we assign these age groups to the educational attainment distribution
of the respective ‘parent’ cohorts, assuming that children under 15 migrate with their
parents:

Ps,e,≤15,i = P≤15,i
Pe,25−64,i

P25−64,i
. (15)

The resulting numbers are then added to the high- and low-skilled cohorts for the 0 to 24
year age group:

Ps,e,0−24,i = Pe,≤15,i + Pe,16−24,i. (16)

The resulting sex, age, and education distribution is then also applied to the bilateral
stock data P1 according to country of birth – that is, the sex, age, and education distribu-
tion of a given immigrant group (diaspora) Pk,i is assumed to be equal to that of the total
population of country k. This procedure is repeated every time step; therefore individuals
till the age of 15 will obtain their ‘parents’ education while persons older than 15 acquire
their own education.
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Historic, country-specific GDP data G1 come from Penn World Table and is re-
ported in terms of 2005 purchasing power parity. Where data points are missing in G1,
they are taken from a harmonized collection of GDP data, G2, and adjusted to 2005 pur-
chasing power parity (Geiger 2018). For future projections, we use GDP projections un-
der the Shared Socioeconomic Pathways (SSPs) G3 (Koch and Leimbach 2022). These
are updates to earlier projections (Dellink et al. 2017) and include the impacts of the
COVID-19 pandemic. We note that they do not account for the economic effects of the
Russia–Ukraine war.

For calibration of the model’s parameters, and evaluating the goodness of fit, we
use three datasets. First, we use bilateral flows F1 (Abel and Cohen 2022), derived from
UN migrant stocks using a pseudo-Bayesian method (Azose and Raftery 2019), allowing
bilateral nonzero flows and therefore including return flows. Data come in five-year in-
tervals, covering the period from 1990 to 2020. Additionally, we use F2 (Yildiz and Abel
2024), consisting of age-dependent emigration and immigration numbers, for extracting
age-dependent migration profiles. F2 was created as described in Yildiz and Abel (2024).
Age cohorts in F2 are divided into 15 five-year cohorts, ranging from 0 to 4 years to
65+ years. In addition to the migration flow estimates from F1 and F2, we use F3 data
(DEMIG 2023) consisting of 34 reporting countries and from up to 236 countries of ori-
gin, including annual numbers over the 1946–2011 period. Before using the flows, we
aggregate them into five-year time steps to fit the period from 1990 to 2010 and therefore
be comparable to F1. In total the processed data that we use for calibration and evaluation
consists of roughly 2,000 different migration corridors and about 6,000 migration flows
for each male and female migrant. For comparison, F1 offers about 50,000 corridors and
about 300,000 data points for both genders.

Last, we use data on bilateral refugee stocks R1, available from the UN High Com-
missioner for Refugees, to estimate non-refugee emigration in order to calibrate the mi-
gration hump function in Equation (2). For all other purposes, refugee flows are not
explicitly excluded.

2.5 Performance measures

Here, we discuss two different performance measures used to evaluate our model. The
first is the commonly used coefficient of determination, R2, which can be defined as

R2 = 1−
∑

i,t (yi,t − ŷi,t)
2∑

i,t (yi,t − ȳ)
2 , (17)
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with ŷi,t being some estimated value at time t, yi,t indicating the observed value, ȳ the
mean of all observations, and i is some index depending on the dataset. The second
measure is the mean absolute percentage error (MAPE):

MAPE =
1

n

∑
i,t

∣∣∣∣yi,t − ŷi,t
yi,t

∣∣∣∣ , (18)

with ŷi,t and yi,t being defined as for R2.
We opted for the R2 metric as a means to evaluate the model’s efficacy concerning

absolute migration flows. This choice is of particular interest as it emphasizes the absolute
discrepancies, thereby harmonizing with the principles of the least squares calibration
method. Additionally, to assess the relative variances between the flows, irrespective of
their scale, we incorporated the MAPE as an auxiliary measure. To address the division-
by-zero problem when using yi,t = 0, we have implemented an adjustment by adding
1 to both the observed and predicted migration flows. This adjustment is grounded in
the rationale that 1 represents the minimal discrete value that can be considered a valid
number for migration flows. Moreover, given that migration data predominantly consists
of zeros or values substantially greater than 1, this modification minimally impacts the
overall metric. Using both these measures ensures a comprehensive analysis, capturing
both the magnitude and proportionate differences in migration flows.

3. Results

Our Results section consists of three subsections. We first discuss the calibration results
and the performance of the migration model when compared to past migration data. Af-
terward, we analyze the effects of the model extensions, followed by a discussion of the
future migration projections.

3.1 Calibration and goodness of fit

We calibrate the model in two steps, following Rikani and Schewe (2021). A schematic
procedure of the calibration process is displayed in Figure 3. After preprocessing, as
discussed in the Data section, we estimate the parameters of the migration hump func-
tion F (Gi) by fitting Equation (2) to emigration flows (see Figure 3 “Emigration Mobil-
ity”). These emigration flows are obtained by aggregating the bilateral flows from F1
over destination countries. Moreover, we subtract refugee flows where data are available
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in R1 because Equation (2) is meant to apply to only non-refugee migration. We obtain
Ĝ = 36800(±12200), G̃ = 923(±52), and γ = 0.00166(±0.0011).

Figure 3: Scheme of the calibration process

Notes: Sharp corners indicate datasets, round corners indicate processes. Initial data sources are indicated in
brackets.

Next, we calibrate the remaining model parameters by fitting the overall model to
three different datasets, all containing bilateral flow data (see Figure 3 “Out- and Return-
Migration”). The first set contains F1, being a set of global flow estimates that include
out-migration as well as return-migration estimates. The second dataset is derived from
F3 and includes only out-migration. The third dataset contains the migration numbers
from F1 but uses only the migration corridors that are included in F3, which we refer to as
F1|F3. This selective approach allows for a focused analysis, specifically comparing data
differences between F1 and F3. By doing so, we effectively exclude migration dynamics
absent in F3, attributed to the missing migration corridors.

We calibrate all five different model approaches introduced in the Methods and
Data section, including the original model introduced in Rikani and Schewe (2021),
given in Equation (1); the separate education, sex, and age approaches, as described in
Equations (7)–(11); and finally the full approach, combining all the previously mentioned
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dimensions (Equation 5). We include all single-dimension approaches to see whether
each of the additions is beneficial compared to the original model and how the coeffi-
cients between the several approaches differ.

We do not estimate all six age-dependent parameters σa and κa simultaneously,
but instead we estimate only one parameter σ and κ for the cohort of 0 to 24 years.
Simultaneously, we apply the average emigration rates per age group extracted from F2
to those two coefficients. We find that the mean emigration rates per age group are 0.0377
for 0 to 24 years, 0.0361 for 25 to 64 years, and 0.0188 for 65+ years. The reason we can
not estimate all three parameters at the same time using F1 is explained in the Appendix).

All models are calibrated using the least squares estimation algorithm from the
Python SciPy library (Pauli et al. 2020). The calibrated parameters and their confidence
intervals for the models using F1 are presented in Table 1. For models calibrated with
F3, these details are displayed in Table 2, and for the F1|F3 corridor models, they can be
found in Table 3. Table 4 displays performance values for all models across the different
datasets. Notably, the parameters from the F3 calibration exclude any for κ, as this dataset
does not encompass return-migration numbers.

Beyond the five model approaches already introduced, we further tested the perfor-
mance of the original model with only a single modification: substituting the destina-
tion GDP driver with a destination-to-origin GDP ratio. This variation aims to ascertain
whether this specific alteration enhances the overall effectiveness of the model despite
adding further demographic dimensions. The performance values are displayed in Table 4
as well.

Table 1: Parameter estimates and 99% confidence intervals of different
model approaches using F1

Para-
meter

Original
(Equation (1))

Education
(Equation (7))

Gender
(Equation (9))

Age
(Equation (11))

Full
(Equation (5))

σ1

0.198 ± 0.003 0.249 ± 0.004 0.187 ± 0.003
0.199 ± 0.003 0.266 ± 0.005

σ2 0.191 ± 0.003 0.255 ± 0.005
σ3 0.099 ± 0.003 0.133 ± 0.005

αp,h 0.914 ± 0.003
1.148 ± 0.009

0.961 ± 0.003 0.958 ± 0.003
1.159 ± 0.009

αp,l 0.903 ± 0.003 0.897 ± 0.003

αg ,m 0.149 ± 0.007 0.199 ± 0.007
0.329 ± 0.008

0.271 ± 0.007
0.262 ± 0.007

αg ,f 0.235 ± 0.008 0.119 ± 0.008

κ1

0.125 ± 0.001 0.125 ± 0.001 0.129 ± 0.001
0.132 ± 0.001 0.132 ± 0.001

κ2 0.127 ± 0.001 0.127 ± 0.001
κ3 0.066 ± 0.001 0.066 ± 0.001
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Table 2: Parameter estimates and 99% confidence intervals of different
model approaches using F3

Para-
meter

Original
(Equation (1))

Education
(Equation (7))

Gender
(Equation (9))

Age
(Equation (11))

Full
(Equation (5))

σ1

0.536 ± 0.147 0.313 ± 0.033 0.121 ± 0.013
0.130 ± 0.014 0.340 ± 0.037

σ2 0.125 ± 0.014 0.326 ± 0.037
σ3 0.065 ± 0.014 0.170 ± 0.037

αp,h 0.829 ± 0.022
0.874 ± 0.029

0.790 ± 0.028 0.781 ± 0.028
0.835 ± 0.029

αp,l 0.780 ± 0.021 0.776 ± 0.021

αg ,m −1.1840 ± 0.186 −0.325 ± 0.067
−0.195 ± 0.084 −0.203 ± 0.080

−0.311 ± 0.071
αg ,f −0.148 ± 0.082 −0.374 ± 0.071

Table 3: Parameter estimates and 99% confidence intervals of different
model approaches using F1 numbers but including only the
migration corridors available in F3

Para-
meter

Original
(Equation (1))

Education
(Equation (7))

Gender
(Equation (9))

Age
(Equation (11))

Full
(Equation (5))

σ1

0.09 ± 0.025 0.374 ± 0.018 0.293 ± 0.010
0.306 ± 0.011 0.401 ± 0.019

σ2 0.293 ± 0.011 0.384 ± 0.011
σ3 0.153 ± 0.011 0.200 ± 0.011

αp,h 0.865 ± 0.008
1.068 ± 0.034

0.879 ± 0.011 0.872 ± 0.010
1.061 ± 0.033

αp,l 0.758 ± 0.011 0.744 ± 0.011

αg ,m 0.887 ± 0.204 −0.122 ± 0.032
0.055 ± 0.029

0.034 ± 0.028
−0.132 ± 0.032

αg ,f 0.041 ± 0.029 −0.182 ± 0.033

κ1

0.160 ± 0.043 0.160 ± 0.039 0.160 ± 0.043
0.175 ± 0.046 0.175 ± 0.042

κ2 0.168 ± 0.046 0.168 ± 0.046
κ3 0.087 ± 0.046 0.087 ± 0.046
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Table 4: Performance of different model variations evaluated using different
flow datasets/variations

Dataset Measure Original
(Equation (1))

GDPpc
Ratio

Education
(Equation (7))

Gender
(Equation (9))

Age
(Equation (11))

Full
(Equation (5))

F1 R2 0.6144 0.6321 0.6443 0.6351 0.6353 0.6531
F3 R2 0.5225 0.5080 0.5528 0.5087 0.5103 0.5571
F1|F3 R2 0.9141 0.9295 0.9275 0.9125 0.9148 0.9303
F1 MAPE 0.44 0.33 0.35 0.33 0.33 0.36
F3 MAPE 3.18 1.89 1.72 1.88 1.97 1.75
F1|F3 MAPE 0.75 0.98 1.68 0.97 1.01 1.84

Source: Bilateral flow data from F1 and F3.

In the calibration using the full F1 dataset, the model’s performance, as indicated by
the R2 measure, improves when substituting the relative GDPpc approach with an origin-
to-destination GDPpc ratio (Table 4, column “GDPpc Ratio”). Further enhancements
are observed by individually incorporating age, sex, and skill dimensions, with the most
significant improvement seen in the model integrating all three. The MAPE analysis
reveals that incorporating gender, age, and GDPpc ratio yield the most accurate results,
with all extended model versions significantly outperforming the original model.

Examining the model coefficients, the scaling parameters σ and κ maintain simi-
lar magnitudes across different approaches. All diaspora coefficients that are not skill-
dependent have similar values and are slightly below one, therefore increasing the output,
as the relative diaspora values are always smaller than one. In models with separate coef-
ficients for high- and low-skill, the former exceeds one, while the latter falls below, indi-
cating that relative diaspora output value is reduced for high-skill migrants and increased
for low-skilled migrants. Moving on, gender-dependent coefficients indicate higher val-
ues for male migrants than females, making men move more from lower origin GDPpc
countries to higher GDPpc countries, and women vice versa.

Utilizing the F3 dataset for calibration presents varying results. Scaling coefficients
show greater variation and diaspora coefficients are marginally lower than those cali-
brated with the full F1 dataset. Models using education-dependent diaspora coefficients
show the same behavior as for F1, where the high-skilled coefficient is larger than the
low-skilled one. The approaches without education-dependent diaspora coefficients show
similar magnitudes for the parameter as for the F1 calibration too. Contrary to the F1
dataset findings, GDPpc ratio coefficients are negative, but the male coefficient remains
larger than the female. Calibrating with the F1 dataset but limiting to migration corridors
present in the F3 dataset yields larger scaling coefficients for all models except the origi-
nal. The GDPpc ratio coefficients are negative for the education and full approach, albeit
less so compared to the F3 dataset. The GDP-ratio coefficients for the gender and age
approach coefficients are found to be almost zero.
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Assessing the R2 performance with F3 and the F1|F3 datasets reveals that the com-
prehensive model still delivers superior performance. However, unlike with the full F1
dataset, adding specific dimensions to the model reduces its efficacy compared to the
original. Using the F3 dataset, both the GDPpc and gender approaches underperform
relative to the original model. For F1|F3, only the gender approach lags behind.

MAPE evaluations for F3 indicate that all model extensions show improvements
over the original model with education and full approach yielding the best results. While
F1|F3 shows smaller percentage errors, here the original model performs best, while the
education and full model perform worse than the other approaches. Comparing F1|F3 with
F3, we observe that the MAPE values for the full model are of a similar magnitude, while
the R2 values exhibit significant differences. The relative deviations between modeled
and observed flows show similar distributions across the entire dataset, therefore yielding
similar overall MAPE measures. However, when selecting the largest 1% of flows of
each of the datasets – which account for more than 50% of the total flow volume – the
full model demonstrates significantly lower errors with F1|F3 (mean deviation of 38%)
compared to F3 (mean deviation of 62%). Consequently, the model is more effective at
estimating large flows in F1|F3 but less so for those in F3. Therefore the total deviation is
smaller for F1|F3, yielding better overall R2 measures.

The improved performance metrics observed for datasets using F1 data, compared
to those for F3, may be attributed in part to the fact that P1 was used for estimating the F1
data and at the same time also informs our relative diaspora calculations. Despite incor-
porating various factors and combining P1 with P2 in our relative diaspora assessments,
it is important to acknowledge this potential correlation when evaluating the datasets.

Because the spatial variation is much larger than the temporal variation, these model
fits primarily reflect spatial patterns. We additionally test the models’ ability to explain
variations over time, by replacing yi in Equation (17) with

Mijt −Mij(t−1)

Mij(t−1)
(19)

and calling the resulting measure ∆R2
ij . That is, we measure the models’ R2 in terms of

the variation in bilateral migration flow from one period to the next. Due to the limited
amount of time series data in F3, we perform this evaluation for only F1. Neither the
original model nor the extended models are able to explain temporal changes found in
individual bilateral flow time series, as indicated by below-zero ∆R2

ij for a majority of
flows (Figure 4). This is the case for ‘gravity’-type migration models in general (Beyer,
Schewe, and Lotze-Campen 2022), and continues to be an important caveat with the
models presented here, as well as other recent model developments (Qi and Bircan 2023).
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Projections from such models are informed primarily by spatial patterns in the historical
data and must not be interpreted as predictions.

Figure 4: Model performance in terms of temporal changes in bilateral
migration flows

Source: Data to test the performance from F1.
Notes: Dashed blue horizontal lines indicate zero, orange lines the median value of R2

ij , boxes the interquartile
range, and whiskers the 98.5th and the 1.5th percentile.

3.2 Effect of model extensions

Both the original and the extended models show a similar global pattern of deviations
from the bilateral flow estimates F1 for the most recent period, with the full model over-
estimating emigration and immigration in some countries where the original model un-
derestimates them (Figures 5a–d).

When we examine Figures 5e and 5f, which illustrate the comparative accuracy of
our original and full models against the F1 estimates, it becomes evident that the original
model excels in predicting emigration numbers for the majority of countries. In contrast,
the full model demonstrates superior accuracy in estimating immigration flows. However,
it’s important to recognize that these figures indicate only which model is more closely
aligned with the estimates and do not precisely convey the extent of deviation from the
actual figures. For instance, the F1 estimates place Canada’s emigrant count at around 1
million. The original model’s prediction is approximately 985,000, while the full model
suggests about 915,000, indicating that both models yield relatively accurate estimates.
To account for this shortcoming, we include Figures 5g and 5h, which display the total
difference between full and original model. We note that this comparison relates to a
single time period only.

Furthermore, the recent enhancements to our model permit a nuanced analysis of
migration projections with an unprecedented level of demographic granularity. It enables
the examination of migration rates differentiated by sex, skill level, and age. These de-
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mographic dimensions are not only pivotal in understanding migration flows but are also
incorporated into the projection model, including, for example, the use of age-specific
mortality rates and educational transitions. Consequently, this advancement allows us to
explore migration flows with a new degree of complexity, offering insights into the mul-
tifaceted interplay between demographic variables and migration patterns.

The addition of age, sex, and education dimensions to our model permits a more
granular analysis of global migration patterns than was possible with previous projection
models. Indeed, projected emigration and immigration ‘rates’7 differ markedly between
male and female, high- and low-skilled, and age groups (Figures A-1–A-8). Such dif-
ferences, especially between age groups, are also visible in the F2 data, highlighting the
importance of including these distinctions in models.

In assessing the accuracy of our model estimates (Figures A-1–A-8) against empiri-
cal data (F1 and F2) spanning the 2015–2019 period, notable trends emerge across global
regions. Our model captures the observed mobility patterns with respect to age, particu-
larly highlighting the heightened mobility of young and working-age cohorts. However,
nuanced variations are evident within different regions. Notably, discrepancies arise in
the immigration ‘rates’ for the 65+ years cohort in Latin America and the Caribbean
and the Middle East and North Africa, where the model estimates the older migrants
to be less mobile than the other two cohorts while the observed data shows them to be
more mobile in these regions. In terms of the total magnitude of the migration rates,
the model generally indicates higher migration rates than F2. Exceptions are emigration
from sub-Saharan Africa and immigration to Latin America and Caribbean, South Asia,
and sub-Saharan Africa, where the model underestimates the rates observed in the data.
Examining gender-specific trends, our model consistently predicts higher emigration and
immigration ‘rates’ for men than for women across all regions, agreeing with the majority
of empirical data points. This pattern does not fit emigration and immigration ‘rates’ in
East Asia and Pacific, as well as emigration rates in East Europe and Central Asia and
Middle East and North Africa, where the model estimates higher male than female migra-
tion rates, but the observed data shows the opposite. Despite maintaining the overarching
trend of greater male mobility, our model tends to overestimate gender differences and
overestimate the total flow rate.

After examining the emigration and immigration figures produced by both mod-
els, we shift our focus to the estimated migration flows, categorizing them according to
income groups as defined by the World Bank. Detailed data for these flow charts are
available in the Appendix (Tables A-2–A-5). Initially, when analyzing the aggregate
numbers, it is evident that the full model is more proficient in estimating the total vol-
ume of migration flows. Moreover, in terms of migration to and from low, lower-middle,
and upper-middle income countries, the full model’s estimates are generally more aligned

7 Immigration rates are not proper demographic rates as their denominators (populations of destination coun-
tries) are not correct populations at risk of migrating.
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with the F1 benchmark. However, the model tends to overestimate high-income countries
as destinations and slightly underestimate them as origin regions. Additionally, we have
incorporated results from the full model for the period 2045–2049 to examine temporal
dynamics. This analysis reveals a notable expansion in the migration corridor from lower
and lower-middle-income to high-income countries during this timeframe.

Figure 5: Comparison of emigration and immigration flows between age and
education model, original model, and F1, for the 2015–2019 period

Notes: Absolute difference (logarithmic) between the full model and F1 (panels a and b) and between the original
model and F1 (panels c and d). To estimate these values, we first calculate the difference, take the absolute value,
apply the logarithm, and then reapply the sign. Panels e and f: ratio of the difference between the original model
and F1 compared to the difference between the full model and F1. Blue indicates where the full model is closer to
the estimates of F1; red indicates where the original model is closer. Panels g and h display the difference between
the full and the original model.
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Figure 6: Flows of the original and full model and F1 for the 2015–2019
period and of the full model for 2045–2049

Notes: Flows are aggregated by World Bank income level and are displayed for the time steps 2015–2019 and
2045–2049, respectively. Flow numbers are given in millions, and the total flow numbers are displayed in
Tables A-2–A-5.

3.3 Future migration projections

We project migration flows globally for 2015–2049 under three different scenarios –
SSP1, SSP2, and SSP3 – using the full model, coupled to the population projection model.
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The global share of migrants is projected to increase from about 3% to about 6% of the
global population under all three scenarios (Figure 7a). Note, however, that since the pro-
jected total population differs between the scenarios, total migrant stocks differ more in
absolute numbers than in percentage terms. The share of skilled migrants in total migra-
tion flows is also projected to increase in a very similar way in all scenarios (Figure 7b).
This is because the same education transition rates are applied in all scenarios. We note
that in Figures A-1–A-8 the low-skilled migration rates are higher; therefore, we conclude
that the high-skilled population share is rising drastically. Larger differences between the
SSPs are found for the rate of emigration from developing countries and the rate of im-
migration to OECD countries (Figures 7c and 7d): These are projected to increase most
strongly in SSP3 (the most economically unequal scenario), while they stabilize around
mid century in SSP1 (the inclusive development scenario).

Figure 7: Projection results of the full model for SSP1, SSP2, and SSP3 on a
global level

Note: Panel a displays global migration share (migrant stocks divided by total population), panel b the share of
high-skilled migrants (high-skilled migration flows to total migration flows), panel c the percentage of emigrants of
the total population leaving countries with a GDPpc < $20,000, and panel d the percentage of immigrants of total
population arriving in OECD countries obtained from the full model. Dots indicate the value of a given time period.
SSP1: emphasis on environmental protection, lower resource intensity, and reduced inequality; SSP2: continuation
of current trends; SSP3: more pronounced inequality and slower technological advancement.

Regional migration flows can diverge substantially more between the three scenar-
ios, and they do so more than in the original model (Figures 8–11). In particular, the
extended model projects a larger spread in emigration flows in many net sending regions
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and in immigration flows in net receiving regions. This results in a larger spread in net
migration between the scenarios in all regions.

For instance, the extended model projects net migration in the Middle East and North
Africa region in 2045 to be twice as large under SSP3 as under SSP1, whereas the orig-
inal model projects significantly less differences between the scenarios. This increased
sensitivity to the scenario assumptions – which include economic and demographic devel-
opment – is likely because the extended model considers the destination–origin GDPpc
ratio, while the original model considered only the destination GDPpc (relative to global
average GDPpc) as an economic pull factor. Lower-income economies generally grow
faster than high-income economies, and their growth rates differ more between the SSPs.
This means that cross-country inequalities tend to differ between the SSPs more than the
relative destination GDPpc.

The migration flows projected by the extended model for the period 2015–2019 are
closer to the F1 estimates for that period (filled circles in Figures 8–10) for about half the
regions, while the original model is closer for the other half. This again reflects the small
and spatially heterogeneous improvement in model fit discussed earlier.

More surprisingly, our migration projections differ qualitatively from the stylized
migration assumptions previously employed in the WIC population projection model.
There, SSP3 was assumed to exhibit the lowest migration rates (in fact transitioning to
zero net migration by 2030) because of the “emphasis on security and barriers to inter-
national exchange” in the SSP3 narrative (KC and Lutz 2017); while medium migration
levels were assumed in SSP1 and SSP2. In contrast, we find the largest migration flows
in SSP3 due to the high levels of economic inequality in this SSP. Moreover, even net
migration in SSP1, while lower than in the other SSPs according to our projections, is
still higher than in any of the SSPs in the WIC stylized assumptions. That is, our model
depicts a considerably more mobile world than those assumptions, and one where in-
ternational migration is strongly shaped by economic inequalities. In general, it can be
observed that the full model estimates significantly higher migrant numbers for the future
compared to both the original and WIC data.

These differences highlight the effect of accounting explicitly for drivers of migra-
tion, such as GDPpc differentials, which were ignored in the stylized assumptions. On
the other hand, our model does not consider any effects of immigration policies and con-
trol measures, and how these might change in the future. While some studies suggest that
the effects of immigration policies and controls on flows are more limited than antici-
pated by policymakers (Schon and Leblang 2021) and are in turn dependent on economic
conditions and the size of bilateral migrant stocks (Helbling and Leblang 2019), they are
nevertheless important, and accounting for them might further improve projection models
like the one presented here. In fact, since our model already includes economic variables
and bilateral migrant stocks, it could readily account for the interactions of these variables
with immigration policies.

348 http://www.demographic-research.org

http://www.demographic-research.org


Demographic Research: Volume 51, Article 11

Figure 8: Projected immigration, emigration, and net migration flows by
world region (East Asia and Pacific and EU 27 and CHE, NOR,
GBR)

Notes: Five-year immigration (top), emigration (middle), and net migration (bottom) between 2015 and 2049 for the
original model (orange) and the full model (purple). Bottom panels include net migration assumptions from the
Wittgenstein Centre population model (Wittgenstein Centre for Demography and Global Human Capital 2018) for
comparison (gray). Filled black circles indicate flow estimates from F1 for the 2015–2019 period, open circles
indicate immigration data from (OECD Stat 2022) (excluding return-migration). See Table A-6 for region definitions.
Regional figures include only flows between regions, not flows between countries within a region. SSP1: emphasis
on environmental protection, lower resource intensity, and reduced inequality; SSP2: continuation of current
trends; SSP3: more pronounced inequality and slower technological advancement.
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Figure 9: Projected immigration, emigration, and net migration flows by
world region (East Europe and Central Asia and Latin America
and Caribbean)

Notes: Five-year immigration (top), emigration (middle), and net migration (bottom) between 2015 and 2049 for the
original model (orange) and the full model (purple). Bottom panels include net migration assumptions from the
Wittgenstein Centre population model (Wittgenstein Centre for Demography and Global Human Capital 2018) for
comparison (gray). Filled black circles indicate flow estimates from F1 for the 2015–2019 period, open circles
indicate immigration data from (OECD Stat 2022) (excluding return-migration). See Table A-6 for region definitions.
Regional figures include only flows between regions, not flows between countries within a region. SSP1: emphasis
on environmental protection, lower resource intensity, and reduced inequality; SSP2: continuation of current
trends; SSP3: more pronounced inequality and slower technological advancement.
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Figure 10: Projected immigration, emigration, and net migration flows by
world region (Middle East and North Africa and North America)

Notes: Five-year immigration (top), emigration (middle), and net migration (bottom) between 2015 and 2049 for the
original model (orange) and the full model (purple). Bottom panels include net migration assumptions from the
Wittgenstein Centre population model (Wittgenstein Centre for Demography and Global Human Capital 2018) for
comparison (gray). Filled black circles indicate flow estimates from F1 for the 2015–2019 period, open circles
indicate immigration data from (OECD Stat 2022) (excluding return-migration). See Table A-6 for region definitions.
Regional figures include only flows between regions, not flows between countries within a region. SSP1: emphasis
on environmental protection, lower resource intensity, and reduced inequality; SSP2: continuation of current
trends; SSP3: more pronounced inequality and slower technological advancement.
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Figure 11: Projected immigration, emigration, and flows by world region
(South Asia and sub-Saharan Africa)

Notes: Five-year immigration (top), emigration (middle), and net migration (bottom) between 2015 and 2049 for the
original model (orange) and the full model (purple). Bottom panels include net migration assumptions from the
Wittgenstein Centre population model (Wittgenstein Centre for Demography and Global Human Capital 2018) for
comparison (gray). Filled black circles indicate flow estimates from F1 for the 2015–2019 period, open circles
indicate immigration data from (OECD Stat 2022) (excluding return-migration). See Table A-6 for region definitions.
Regional figures include only flows between regions, not flows between countries within a region. SSP1: emphasis
on environmental protection, lower resource intensity, and reduced inequality; SSP2: continuation of current
trends; SSP3: more pronounced inequality and slower technological advancement.

Abel (2018) develops a set of net migration assumptions along the SSPs by assuming
constant present-day net migration in SSP2 and scaling net migration in the other SSPs
according to the deviations in the global distribution of wealth – measured by GDP – rel-
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ative to SSP2. This can be considered an intermediate approach between the stylized
assumptions in Lutz et al. (2018) and our calibrated migration model, taking the role
of changing economic inequalities into account while still covering a deliberately large
range of outcomes. In fact, for 2050 their scenarios cover both positive and negative net
migration in Europe and Africa and include near-zero net migration in Asia and North
America. The ranges are narrower in our projections, but interestingly, they often coin-
cide approximately with the higher-end scenarios of Abel (2018), perhaps corroborating
the order of magnitude of plausible migration trends, even though our full model still
estimates higher net migration numbers for regions like Europe or North America.

4. Discussion and conclusion

This study aimed to develop a global migration model including age, education, and gen-
der dimensions for coupling population projection models to estimate future migration
and population scenarios. We extended a recently developed global migration model
by adding mobility profiles for three different age groups, as well as education- and
gender-specific dynamics, allowing us to differentiate between male and female as well
as high- and low-skilled migrants. Furthermore, we coupled our migration model with
the FUME developed by IIASA, allowing us to estimate future migration projections in
a demographically detailed manner while only using the GDP projections as a scenario-
dependent driver.

The model is calibrated to global bilateral flow estimates, which are subject to un-
certainties related to the migrant stock data they are based on and to the method used to
derive flows from stock data. To review this problem, we also tested and calibrated the
model on a smaller subset of migration flow records. The estimated model parameters
when using the global dataset are consistent with previous estimates, (e.g., a positive co-
efficient on the wage ratio when treating the GDPpc ratio as a skill-independent wage
ratio) (Dao et al. 2021; Bertoli and Moraga 2013). Contrary to the global dataset, we
obtain negative coefficients for the GDPpc ratio when calibrating on the subset of esti-
mated migration flows and actual migration records, including only a limited range of
migration corridors. An explanation for this phenomenon could be the restricted scope
of destination countries in the dataset. The majority of these corridors are within the
EU/Schengen area. Given that these nations are relatively wealthy, GDPpc ratios within
this subset may be smaller compared to those on a global level. This disparity in GDPpc
ratios is likely a contributing factor. Additionally, the prevalence of intra-European migra-
tion within this dataset can significantly influence the model’s dynamics. Such migration
flows, predominantly occurring between countries with no visa restrictions, might lead to
less pronounced economic pull factors. Consequently, this could result in a shift in the
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coefficient sign, reflecting the unique economic and migratory landscape of the EU as
compared to more diverse global migration patterns.

Moreover, our results, which indicate higher migration rates among the younger and
intermediate age groups compared to older populations, are in line with previous studies
(Raymer, De Beer, and Van der Erf 2011; Raymer and Wiśniowski 2018; Wiśniowski
et al. 2016). The observed marginally higher mobility in the younger cohort compared
to the working-age cohort, as evidenced by the coefficients presented in Table 1, can be
attributed to our cohort delineation. To generate similarly sized groups, we divide age
groups at age 25 and 65. This is congruent with age categorizations utilized by institu-
tions such as the United Nations and the Wittgenstein Centre. Age mobility estimates
(Wiśniowski et al. 2016) indicate that mobility peaks at ages 20 to 30. Consequently,
our classification incorporates one segment of the most mobile population within the
youngest (<25 years) cohort, while another segment is incorporated into the working-
age (25 to 65 years) cohort. This, together with the small number of age groups, blurs the
peak at age 20 to 30, but our results are still consistent with existing literature and datasets
(F3 and Wiśniowski et al. 2016). Additionally, finding that diasporas tend to attract more
lower-skilled migrants (Beine, Docquier, and Özden 2010; Kracke and Klug 2021) and
that women are more likely to emigrate from countries with higher GDPpc (Neumayer
and Plümper 2021; Naveed et al. 2023) also aligns with existing research in the field.

The inclusion of a GDPpc destination–origin ratio term has made the model more
sensitive to assumptions about national economic development compared to the original
model that considered only destination GDPpc. This results in a wider spread of migra-
tion projections between different SSPs. Whether this is indeed more realistic is difficult
to ascertain empirically given that the extended model fits the (uncertain) past data only
slightly better than the original model; however, the GDPpc ratio term does account for
the current understanding of economic pull factors better than a destination-only term and
is often used in empirical migration models to reflect these factors (e.g., Docquier 2018;
Burzyński et al. 2022; Shayegh, Emmerling, and Tavoni 2022).

While the incorporation of the GDPpc ratio has improved the model’s overall effec-
tiveness, future enhancements could benefit from incorporating a skill-based dimension.
Specifically, considering wages across different skill levels could provide valuable in-
sights. However, a significant challenge lies in the lack of harmonized global data on
wage variations by skill level. Our attempts to estimate such wages did not yield notable
improvements in the model’s performance. This highlights an area for potential future
research, contingent on the availability of more comprehensive and standardized data.

Our model is designed as a potential alternative to more ad hoc migration assump-
tions in population projection models. When coupled to the FUME, it results in markedly
different migration flows compared to the migration assumptions previously used in that
model. We find generally larger emigration, immigration, and net migration flows when
using our model. Moreover, we project the largest net migration flows under the SSP3
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scenario, which previously was assumed to have the smallest net migration flows. This
is because of the high economic inequality in that scenario, which in our model results
in high levels of migration but was not considered in the stylized migration assumptions
for SSP3. Those assumptions, in turn, did consider political barriers to migration, which
are missing from our model. Nevertheless, the comparison highlights the importance
of accounting for economic drivers of migration in population projections. By using a
mechanistic model instead of stylized assumptions, both the factors included and factors
omitted can be made explicit.

Migration in our model is a function of economic and demographic drivers. Cou-
pling with a state-of-the-art cohort-component population projection model improves the
representation of the demographic drivers, such as natural population change. While not
considered in this study, scenario-specific assumptions about changes in fertility, mor-
tality, and education transition and attainment rates can be included and explored in the
coupled model (just as in the standard IIASA/WIC population model), in addition to
changes in GDPpc levels (Potančoková, Stonawski, and Gailey 2021). This makes the
coupled model a powerful tool for demographic scenario studies, resolving migration as
well as other demographic processes at a relatively high level of detail and complexity.

Our extended migration model is subject to some of the same limitations as the orig-
inal model it is based on, and indeed other global migration models. It is not able to
reproduce the temporal dynamics of migration flows, instead relying primarily on spa-
tial variations to estimate parameters that are then used to project into the future (Beyer,
Schewe, and Lotze-Campen 2022). This remains a fundamental problem and might not
easily be overcome given the limited amount and quality of existing migration data and
the complexity of migration processes, which means that migration projections should
be interpreted with caution. Furthermore, we wish to emphasize that this paper, along
with Rikani and Schewe (2021), relies on migration data derived using the methods from
Azose and Raftery (2019). These methods, which are based on the analysis of inter-
nal migration flows, consequently leave room for improvement. Another fundamental
limitation is the omission of forced migration and more generally migration related to
non economic factors. Refugee flows can contribute substantially to changes in migrant
stocks, thereby also influencing more regular migration flows. However, accounting for
these flows would require a very different model that accounts for hard-to-predict factors,
such as conflict risk (Fransen and Haas 2022).

The factors that are included in the model are represented in a simplistic fashion
such as to make the model tractable and quantifiable given the available data. As such,
the model could be improved in many respects. For instance, it would be desirable to ac-
count for differences in attainable wages between migrants and non-migrants (Chiswick
2018; Adsera and Chiswick 2007), or between men and women (Carling 2005; Boyd and
Grieco 2003). Ultimately, the model presented here should improve global-scale popu-
lation projections by making their migration components more process-based, transpar-
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ent, and detailed. A lot of challenges remain when it comes to better understanding the
complex interactions between social, economic, political, and environmental factors and
migration, and not all of these challenges can be addressed with mechanistic models. Fur-
thermore, the model should also be tested across a broader range of scenarios, including
those with more severe climate impacts than those assumed by the current SSP scenarios.
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Akgüç, M. and Parasnis, J. (2023). Occupation–education mismatch of immigrant women
in Europe. Social Indicators Research 170: 75–98. doi:10.1007/s11205-023-03066-0.

Arif, I. (2022). Educational attainment, corruption, and migration: An empirical analysis
from a gravity model. Economic Modelling 110: 105802. doi:10.1016/j.econmod.
2022.105802.

Azose, J.J. and Raftery, A.E. (2019). Estimation of emigration, return migration, and
transit migration between all pairs of countries. Proceedings of the National Academy
of Sciences 116(1): 116–122. doi:10.1073/pnas.1722334116.

Battistella, G. (2018). Return migration: A conceptual and policy framework. New York:
Center for Migration Studies (Migration Policy Report Perspectives on the Content
and Implementation of the Global Compact for Safe, Orderly and Regular Migration):
3–14. https://cmsny.org/publications/scalabrini-policy-report-2018.

Beine, M. (2016). The role of networks for migration flows: An update. International
Journal of Manpower 37(7): 1154–1171. doi:10.1108/IJM-01-2016-0013.
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Neumayer, E. and Plümper, T. (2021). Women’s economic rights in developing coun-
tries and the gender gap in migration to Germany. IZA Journal of Development and
Migration 12(1). doi:10.2478/izajodm-2021-0013.

OECD Stat (2022). Oecd.stat international migration database. https://stats.oecd.org/
Index.aspx?DataSetCode=MIG.

http://www.demographic-research.org 361

http://www.doi.org/10.1007/s12134-021-00817-1
https://academic.oup.com/book/40645
https://academic.oup.com/book/40645
https://publications.jrc.ec.europa.eu/repository/bitstream/JRC111148/jrc_cepam_report_demographic_and_hc_scenarios_pdf.pdf
https://publications.jrc.ec.europa.eu/repository/bitstream/JRC111148/jrc_cepam_report_demographic_and_hc_scenarios_pdf.pdf
https://link.springer.com/article/10.1007/s00148-009-0251-x
https://link.springer.com/article/10.1007/s00148-009-0251-x
http://www.doi.org/10.1007/s10368-023-00560-1
http://www.doi.org/10.1080/01615440.2014.999150
http://www.doi.org/10.2478/izajodm-2021-0013
https://stats.oecd.org/Index.aspx?DataSetCode=MIG
https://stats.oecd.org/Index.aspx?DataSetCode=MIG
http://www.demographic-research.org


Kluge et al.: A multidimensional global migration model for use in cohort-component population projections

Ortega, F. and Peri, G. (2013). The effect of income and immigration policies on interna-
tional migration. Migration Studies 1(1): 47–74. doi:10.1093/migration/mns004.

O’Neill, B.C., Kriegler, E., Riahi, K., Ebi, K.L., Hallegatte, S., Carter, T.R., Mathur, R.,
and Van Vuuren, D.P. (2014). A new scenario framework for climate change research:
The concept of shared socioeconomic pathways. Climatic Change 122: 387–400.
doi:10.1007/s10584-013-0905-2.

Pauli, V., Gommers, R., Oliphant, T.E., Haberland, M., Reddy, T., Cournapeau, D.,
Burovski, E., Peterson, P., Weckesser, W., Bright, J., van der Walt, S.J., Brett, M.,
Wilson, J., Millman, K.J., Mayorov, N., Nelson, A.R.J., Jones, E., Kern, R., Larson,
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Appendix

Calibration

While the bilateral flow data from F1 are a good choice for calibrating the original model
(Rikani and Schewe 2021), it cannot directly be used to calibrate the age-dependent
model, for the following reason. To use the bilateral flow data for calibration, one needs
to collapse the simulated cohorts into a single bilateral migration flow. More specifically,
one would evaluate MSim

i→j = Mi,i→j −Mj,i→j =
∑

s,a (Ms,a,i,i→j −Ms,a,j,i→j).
Considering the model approaches in Equations (11) and (5), the coefficients σa and

κa scale linearly with MSim
i→j . Since we are aggregating over the age cohorts, the cal-

ibration algorithm estimates unrealistic age parameters. We obtain, for example, results
where one of the σa parameters is estimated to be quite large so that it roughly fits the
cohort-independent flows. The other two σa parameters are then estimated to be small
or even negative so that two of the cohort flows can be interpreted as a correction to the
major flows resulting from the first cohort or in a way that two cohorts cancel out each
other due to negative coefficients.

Because of this problem, we decide to use the age-specific emigration and immigra-
tion data for the calibration of the age-dependent parameters. We would like to point out
that this problem does not play such a major role when considering education or gender
dynamics since those parameters do not linearly scale with the magnitude of the flows
and cannot lead to negative migration flows, we use the cohort aggregation method here.
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Table A-1: Summary of datasets used in this paper, including reference and
abbreviations

Data Abbreviation Origin Reference

Bilateral stocks P1 UN Department of Economic
and Social Affairs

(UN DESA 2019a)

Total population by age,
education, and gender

P2 Wittgenstein Centre for
Demography and Global
Human Capital

(Wittgenstein Centre for
Demography and Global
Human Capital 2018)

Bilateral refugee stocks R1 UN High Commissioner for
Refugees

(UN High Commissioner for
Refugees 2020)

Historical GDP data G1 Penn World Tables 8.1 (Feenstra, Inklaar, and
Timmer 2015)

Historical GDP data G2 Penn World Tables 9.0 (Geiger 2018)

Future GDP projections G3 Koch and Leimbach (Koch and Leimbach 2022)

Bilateral flows F1 Bilateral international
migration flow estimates for
200 countries

(Abel and Cohen 2022)

Age-dependent immigration
and emigration flows

F2 Yildiz and Abel (methods in
(Yildiz and Abel 2024))

(Yildiz and Abel 2024)

Bilateral flows F3 DEMIG C2C (country-to-
country) database

(DEMIG 2023)
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Table A-2: Flow number for Figure 6: Abel and Cohen (F1) 2015–2019 (Total
Flows: 91.09). All numbers are given in millions

Origin / Destination Low Lower Middle Upper Middle High

Low 3.74 2.16 1.38 2.18
Lower Middle 1.64 3.71 4.45 17.03
Upper Middle 1.21 2.73 8.04 12.78
High 0.98 6.17 7.93 8.04

Table A-3: Flow number for Figure 6: Original 2015–2019 (Total Flows:
54.47). All numbers are given in millions

Origin / Destination Low Lower Middle Upper Middle High

Low 0.41 0.80 1.40 1.44
Lower Middle 0.49 1.96 2.83 13.99
Upper Middle 0.12 1.03 3.17 12.59
High 0.26 1.75 2.68 9.56

Table A-4: Flow number for Figure 6: Full 2015–2019 (Total Flows: 84.31).
All numbers are given in millions

Origin / Destination Low Lower Middle Upper Middle High

Low 0.85 1.67 2.60 3.48
Lower Middle 0.82 3.34 4.99 27.46
Upper Middle 0.14 1.15 4.23 19.23
High 0.26 1.68 2.60 9.82

Table A-5: Flow number for Figure 6: Full 2045–2049 (Total Flows: 226.89).
All numbers are given in millions

Origin / Destination Low Lower Middle Upper Middle High

Low 2.98 6.10 6.80 27.92
Lower Middle 2.16 7.93 11.55 88.01
Upper Middle 0.27 1.18 5.21 26.81
High 3.33 11.30 5.36 19.99
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Table A-6: Countries (ISO 3166-1 alpha-3) included in the calibration and
projection (indicated with the respective region) and those that are
missing

Region Countries

EAP (East Asia and
Pacific)

CHN: China, FJI: Fiji, HKG: Hong Kong, IDN: Indonesia, JPN: Japan, KHM: Cam-
bodia, KOR: South Korea, LAO: Laos, MAC: Macao, MMR: Myanmar (Burma),
MNG: Mongolia, MYS: Malaysia, NZL: New Zealand, PHL: Philippines, SGP: Sin-
gapore, SLB: Solomon Islands, THA: Thailand, TLS: Timor-Leste (East Timor),
VNM: Vietnam, VUT: Vanuatu, WSM: Samoa

EU (EU 27, Great Britain,
Switzerland and Norway)

ALB: Albania, AUT: Austria, BEL: Belgium, BGR: Bulgaria, CHE: Switzerland,
CYP: Cyprus, CZE: Czech Republic, DEU: Germany, DNK: Denmark, ESP: Spain,
EST: Estonia, FIN: Finland, FRA: France, GBR: United Kingdom, GRC: Greece,
HRV: Croatia, HUN: Hungary, IRL: Ireland, ISL: Iceland, ITA: Italy, LTU: Lithua-
nia, LUX: Luxembourg, LVA: Latvia, MLT: Malta, NLD: Netherlands, NOR: Norway,
POL: Poland, PRT: Portugal, ROU: Romania, SVK: Slovakia, SVN: Slovenia, SWE:
Sweden

EECA (East Europe and
Central Asia)

ARM: Armenia, AZE: Azerbaijan, BIH: Bosnia and Herzegovina, BLR: Belarus,
GEO: Georgia, KAZ: Kazakhstan, KGZ: Kyrgyzstan, MDA: Moldova, MKD: North
Macedonia, MNE: Montenegro, RUS: Russia, SRB: Serbia, TJK: Tajikistan, TKM:
Turkmenistan, UKR: Ukraine

LAC (Latin America and
Caribbean)

ARG: Argentina, BHS: Bahamas, BLZ: Belize, BOL: Bolivia, BRA: Brazil, CHL:
Chile, COL: Colombia, CRI: Costa Rica, DOM: Dominican Republic, ECU: Ecuador,
GTM: Guatemala, GUY: Guyana, HND: Honduras, HTI: Haiti, JAM: Jamaica, LCA:
Saint Lucia, MEX: Mexico, NIC: Nicaragua, PAN: Panama, PER: Peru, PRI: Puerto
Rico, PRY: Paraguay, SLV: El Salvador, SUR: Suriname, TTO: Trinidad and Tobago,
URY: Uruguay, VCT: Saint Vincent and the Grenadines, VEN: Venezuela

MENA (Middle East and
North Africa)

ARE: United Arab Emirates, BHR: Bahrain, DZA: Algeria, EGY: Egypt, IRN: Iran,
IRQ: Iraq, ISR: Israel, JOR: Jordan, KWT: Kuwait, LBN: Lebanon, MAR: Morocco,
OMN: Oman, PSE: Palestine, QAT: Qatar, SAU: Saudi Arabia, SYR: Syria, TUN:
Tunisia, TUR: Turkey, YEM: Yemen

NAM (North America) CAN: Canada, USA: United States of America

SAS (South Asia) AFG: Afghanistan, BGD: Bangladesh, BTN: Bhutan, IND: India, LKA: Sri Lanka,
MDV: Maldives, NPL: Nepal, PAK: Pakistan

SSA (sub-Saharan Africa)
AGO: Angola, BDI: Burundi, BEN: Benin, BFA: Burkina Faso, BWA: Botswana,
CAF: Central African Republic, CIV: Ivory Coast (Côte d’Ivoire), CMR: Cameroon,
COD: Democratic Republic of the Congo, COG: Republic of the Congo, COM: Co-
moros, CPV: Cape Verde, ETH: Ethiopia, GAB: Gabon, GHA: Ghana, GIN: Guinea,
GMB: Gambia, GNB: Guinea-Bissau, GNQ: Equatorial Guinea, KEN: Kenya, LBR:
Liberia, LSO: Lesotho, MDG: Madagascar, MLI: Mali, MOZ: Mozambique, MUS:
Mauritius, MWI: Malawi, NAM: Namibia, NER: Niger, NGA: Nigeria, RWA: Rwanda,
SDN: Sudan, SEN: Senegal, SLE: Sierra Leone, SOM: Somalia, STP: São Tomé
and Prı́ncipe, SWZ: Eswatini (formerly Swaziland), TGO: Togo, TZA: Tanzania,
UGA: Uganda, ZAF: South Africa, ZMB: Zambia, ZWE: Zimbabwe

Missing
ATG: Antigua and Barbuda, BRB: Barbados, BRN: Brunei, DJI: Djibouti, DMA: Do-
minica, ERI: Eritrea, FSM: Federated States of Micronesia, GRD: Grenada, KNA:
Saint Kitts and Nevis, KIR: Kiribati, LBY: Libya, MHL: Marshall Islands, MRT: Mau-
ritania, NRU: Nauru, PLW: Palau, PNG: Papua New Guinea, SMR: San Marino,
SSD: South Sudan, SYC: Seychelles, TCD: Chad, TWN: Taiwan, UZB: Uzbekistan
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Figure A-1: Projected emigration rates disaggregated by education and
age, East Asia and Pacific and EU 27, CHE, NOR, GBR

Notes: Black solid lines show the aggregate projections from the original model; other lines show the
education-specific, age-specific, and gender-specific projections from the full model. Single markers indicate the
age-specific data for the 2015–2019 period from F2 and the gender-specific data for the 2015–2019 period from
F1. Regional figures include both flows between countries within a region and flows between regions.
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Figure A-2: Projected emigration rates disaggregated by education and
age, East Europe and Central Asia and Latin America
and Caribbean
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Figure A-3: Projected emigration rates disaggregated by education and age,
Middle East and North Africa and North America
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Figure A-4: Projected emigration rates disaggregated by education and
age, South Asia and sub-Saharan Africa
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Figure A-5: Projected immigration rates disaggregated by education
and age, East Europe and Central Asia and Latin America
and Caribbean
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Figure A-6: Projected immigration rates disaggregated by education
and age, East Europe and Central Asia and Latin America
and Caribbean
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Figure A-7: Projected immigration rates disaggregated by education and
age, Middle East and North Africa and North America

http://www.demographic-research.org 375

http://www.demographic-research.org


Kluge et al.: A multidimensional global migration model for use in cohort-component population projections

Figure A-8: Projected immigration rates disaggregated by education and
age, South Asia and sub-Saharan Africa
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