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ABSTRACT
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Gravity Predictions of International 
Migration Flows*

What is the future of international migration flows? The growing availability of bilateral 

international migration data has resulted in an improved understanding of the determinants 

of migration flows through the estimation of theory-based gravity models. However, the 

use of these models as a prediction tool has remained a mostly unexplored research area. 

This paper estimates simple gravity models of bilateral migration flows for the whole world 

and projects these models into the future. Our results confirm a limited role for economic 

factors and a large one for demographic ones, in line with the literature. As a novel 

contribution, we show that estimates based on net flows are substantially lower than those 

based on gross flows. The reason is that network effects are historically more correlated 

with gross than with net flows.
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1 Introduction

National and international institutions regularly update population projections, needed to

predict the future of macroeconomic variables and different policy scenarios. These pro-

jections are based on different assumptions on the path of fertility, mortality and, also,

immigration and emigration. In fact, international migration flows accounted for 58 per cent

of rich countries’ population growth between 1990 and 2020.1 Hence, if the past is any indi-

cation, any model of the evolution of the population of a country needs to carefully examine

the role of international migration.

The immigration flows into and emigration flows out of a given country depend on the

evolution of economic and political conditions both in that particular country and in all

countries in the world. The reason is that the rest of the world is a potential destination

for the inhabitants of any given country. Despite being aware of this reality, international

institutions performing immigration projections tend to use notably rough assumptions. For

example, United Nations (2022) collected data mostly from censuses to estimate the number

of immigrants living in a particular destination. In the absence of data for some periods

and corridors, they generated migration projections as: “... estimates of net international

migration were autocorrelated processes centered at zero, restricted such that the values did

not exceed plus-or-minus ten per cent of the population size.” For the future, United Nations

(2022) “... assumed that levels estimated for the period prior to the start of the COVID-19

pandemic (i.e., pre-2020), if stable, would continue through the remainder of the century.”

The contribution of this paper is to use the gravity framework to predict the evolution

of international migration flows by origin, destination and time. To this end, we both col-

lect data on net flows every 5 years by origin and destination from the stocks generated

by United Nations (2020) and data on gross flows offered by Abel and Cohen (2019), and

updated in Abel (2022). These data on gross flows are estimates under different assumptions

that are consistent with the data on net flows from United Nations (2020). We first regress

the migration data on a simple set of controls: demographic variables, networks and GDP

per capita as a proxy for economic development. Then, we predict migration flows by using

existing projections of these variables: demographic projections by country from United Na-

tions (2022) and GDP per capita from the Shared Socioeconomic Pathways (SSPs) generated

by the Intergovernmental Panel on Climate Change and quantified by Riahi et al. (2017),

1Own calculations on data from United Nations (2022).
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Rogelj et al. (2018) and Gidden et al. (2019).

Contrary to the claims in Beyer et al. (2022), the predictive power of our gravity model

with dyadic fixed effects is comparable to that of Bayesian models, such as Welch and Raftery

(2022), or Kluge et al. (2024) for the period 2015-2020. In addition, our bootstrapped stan-

dard errors are smaller than those associated to Bayesian forecasts. Dyadic fixed effects

absorb time-invariant variables such as physical distance, linguistic distance, cultural dis-

tance, contiguity, common colonial history, etc. but they also encompass average effects of

other variables, including bilateral migration policies. Still, there is enough variation in the

data to identify a meaningful role for demography, networks and economic activity.

Our main results reveal a limited quantitative role for economic factors, though, and

a large one for demographic ones, in line with the literature, for the evolution of future

migration flows. Almost half of the growth in international migration flows that can be

expected until 2050 can be attributed to population growth at origin according to our baseline

model. What is new in our paper is that we show that predictions based on net flows are

substantially lower than those based on gross flows. The reason for this is that we find

that network effects, defined as the influence of the stock of migrants from an origin to a

destination on future migration flows, are historically more correlated with gross than with

net flows. This makes sense because large migration stocks from a particular origin into a

particular destination are likely to both attract new immigrants and generate larger return

migration flows as well. These two effects are conflated if we use net flows to approximate

gross flows.

We are of course not the first ones that have tried to predict immigration and emigration

flows in the academic literature, setting aside the examples in international institutions

mentioned above.2 Hanson and McIntosh (2016) can be credited with starting this literature

in economics. However, there are two key differences in their approach. First, they estimate

their model only on 2000-2010 data on net migration to the OECD. Second, their estimation

assumptions are much more restrictive than ours. Specifically, we take the critique by Bertoli

(2017) seriously and do not assume that the migration rate of a given cohort-gender cell only

depends on the size of these cells at origin and at destination. The rationale for this was

that there is economic competition within cells but not across cells, as in Borjas (2003).

2A very early version of this paper was specialized to the Spanish case by Fernández-Huertas Moraga and

López Molina (2018).
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Also, differently from Hanson and McIntosh (2016), we do not assume that origin variables

have the same elasticity as destination variables. We will estimate distinct coefficients for

origin and destination variables. For example, this gives us the possibility of considering non-

linear origin income effects on emigration (Clemens, 2014). Campos (2017) follows the same

approach as Hanson and McIntosh (2016) but he extends the dataset to a longer period, using

the data from Özden et al. (2011) at the cost of not being able to differentiate by cohorts

and gender. A more comprehensive effort than the one undertaken here is the one by Dao

et al. (2021). They create and calibrate a general equilibrium model to forecast immigration

and emigration until 2100. In their model they distinguish between two different types of

workers (college educated and less educated), which we are not able to do. They can do it

because they only use 2010 stocks from DIOC-E to parameterize their model. They use the

parameterized model to make projections both into the future and into the past. Contrary to

them, we adopt a partial equilibrium approach and neglect feedback effects of immigration

on economic conditions. More recent prediction efforts in economics have been devoted to

the short term forecasting of asylum flows (Boss et al., 2024), using online searches (Böhme

et al., 2020), or even the immigration consequences of a change of government in the US

(Beine et al., 2024), using migration intentions. Our focus in this paper is more oriented

towards the medium and long term.

Given our use of the SSPs to project economic conditions, we are also related to the

large literature in economics that looks into the effects of climate change on migration flows

(Backhaus et al., 2015; Beine and Parsons, 2015; Desmet and Rossi-Hansberg, 2015; Cattaneo

and Peri, 2016; Bertoli et al., 2021; Burzyński et al., 2021, 2022). We focus in the paper on

the effects of climate change through GDP changes since our baseline model does not feature

any direct effect of climatic factors on migration flows once we control for country-specific

time trends following the specification in Burke et al. (2015).

The paper proceeds as follows. Section 2 explains the basic random utility maximization

model and how its aggregation results in a classical gravity equation that we both take to the

historical data and then project into the future. We next briefly develop the characteristics

of the datasets we employ in the estimation and in the projections in section 3. In section 4,

we describe our estimation results. Next, in section 5, we present our predictions. We offer

some concluding remarks in the last section of the paper, section 6.
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2 The Model

In economics, migration decisions are typically modeled as the result of a choice of destination

by utility-maximizing individuals (Beine et al., 2016). Given that the choice of destination is

a discrete one, the workhorse model for migration studies is the random utility maximization

model, developed by McFadden (1974). Once the individual decisions from the random

utility maximization model are aggregated, we end up with a classical gravity equation.

Next, we briefly develop how to derive the gravity framework.

We start by letting popot represent the stock of the population residing in country o at

time t. We can then write the scale modt of the migration flow from country o to country d

at time t as:

modt = podtpopot−1 (1)

The term podt is the probability that an individual from country o migrates to country

d at time t, also known as the emigration rate. The random utility maximization model is

used to estimate these emigration rates by obtaining the expected value of podt.

The utility that one individual i who was located in country o at time t− 1 derives from

opting for country d at time t is:

Uiodt = β′xodt + εiodt (2)

The vector xodt includes all deterministic components of utility while εiodt is an individual-

specific stochastic component. The distributional assumptions on εiodt determine the ex-

pected probability E(podt) that opting for country d represents the utility-maximizing choice

(McFadden, 1974). The use of very general distributional assumptions for εiodt leads to this

type of expression:

ln

(
podt
poot

)
=

1

τ
β′xodt − β′xoot +MRModt (3)

MRModt is the multilateral resistance to migration term (Bertoli and Fernández-Huertas

Moraga, 2013). It reflects the effect of alternative destinations on bilateral migration rates.

The parameter τ is the dissimilarity parameter, which is related to the inverse of the correla-

tion in εiodt across alternative destinations. When the independence of irrelevant alternatives
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holds, then τ = 1 and MRModt = 0. In that case, εiodt is modeled as following an iid extreme

value type I distribution and this is what many studies estimate:

yodt ≡ ln

(
modt

moot

)
= β′(xodt − xoot) + ξodt (4)

After estimating this, we can project out of the classic gravity framework. We would

typically take the fitted values ŷodt:

ŷodt = β̂′ (xodt −′ xoot) (5)

We would transform them into migration flows from origin o to destination d in period t

with:

m̂odt =
eŷodt

1 +
∑

d′ e
ŷod′t

p̂opot−1 (6)

This naive approach would generate two types of problems:

• You depend on the correct estimation of p̂opot−1 to have a good predictor for m̂odt.

• Jensen’s inequality. The expectation of a log is not equal to the log of the expectations:

E [modt] ≥ E [eyodt ]E [moot] (7)

This can lead to an average underestimation of migration flows if you predict directly

out of equation (6).

To solve this issue, known as the retransformation problem by the old health economics

literature (Manning, 1998), one option is to separate the emigration decision from the des-

tination choice decision, as Welch and Raftery (2022) do. In this paper, we opt for fitting

migration flows directly through a Poisson Pseudo Maximum Likelihood (PPML) estimator,

as suggested by Santos Silva and Tenreyro (2006).

Our gravity specification is:

modt = podtpopot−1 = exp (β′dxodt + β′oxoot) ηodt (8)

The vector xoot includes log popot−1, which could also affect the emigration rate and hence

its coefficient should not be constrained to 1.
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The choice of the rest of independent variables included in the model is grounded in

the literature. Firstly, many authors have emphasized the role of demography in shaping

international migration flows.3 Young countries have larger migration propensities because

migration is an investment decision (Sjaastad, 1962) whose rewards are typically easier to

reap when the migratory move takes place at younger ages. As far as destination countries

are concerned, the demographic structure may imply that the labor market competition is

stronger if there are larger young cohorts at destination and less fierce otherwise (Hanson

and McIntosh, 2016). Secondly, economic conditions both at origin and at destination are

included in the model, allowing for different elasticities, as a microfounded gravity model will

typically imply that the elasticity of migration flows with respect to economic conditions at

destination should be larger than with respect to economic conditions at origin. The reason

for this is that destinations are more interchangeable among themselves than origins from

the point of view of the potential migrant (Beine et al., 2016). Finally, a third element that

is added is the role of networks, also called diasporas (Beine et al., 2011). The stocks of

immigrants from the same origin present at a destination facilitate migration movements

both due to the possibility of reducing migration costs (Mckenzie and Rapoport, 2007) and

the possibility of increasing the earnings potential of immigrants at destination (Munshi,

2003).

Many of the main determinants of international migration flows are not easy to project

into the future (Beine et al., 2016). The main example would be policies, which have been

shown to be quantitatively very relevant in explaining international migration (Bertoli and

Fernández-Huertas Moraga, 2015). The implicit assumption of this model with respect to

policy is that its average effect during the estimation period at the bilateral level would con-

tinue into the future. However, for example, the visa policy of the European Union regarding

Turkey might become the most influential factor explaining the arrival of immigrants into

Europe within the next 50 years. This is clearly a limitation of this paper and of other ex-

isting projections4 but it is still useful to understand the forces over whose future evolution

we do have some information, such as demography. At least in the medium run, we can be

reasonably certain about the demographic pressures that different countries will experience.

Beyond the omission of potentially relevant variables, a fundamental assumption of the

3Hanson and McIntosh (2010) and Hanson and McIntosh (2012) are two early examples.
4Docquier and Machado (2017) would be an exception to this. They do assess the sensitivity of their

projections to general changes in migration policies.
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model is the null effect of immigration and emigration on the standard of living both in

receiving and in emigrant-sending countries. Despite the enduring controversies about the

labor market effects of emigration,5 a common characteristic of most of the studies is that

these effects, be they slightly positive or slightly negative, tend to cluster around zero,6 so

that this is not as outlandish an assumption as it may appear at first sight.7 Fundamentally

for our purposes, this assumption allows us to treat economic fundamentals as an exogenous

variable in the model. It would even allow us to close the model if we did not need the

future demographic predictions to generate our forecasts of immigration and emigration

flows. We use these forecasts to update the population figures from United Nations (2022),

replacing their estimates of net international migration with our own ones of immigration

and emigration flows..

In addition to this, multilateral resistance to migration would still bias the coefficients

βd and βo. They must be interpreted as the summary effect of the direct variables and their

correlation with variables in alternative destinations. However, the prediction of modt would

only be affected if the structure of substitutability of alternative destinations varies over

time.

Summing up, the vector xodt contains dyadic fixed effects and:

• Demographic structure. We can include the size of different cohorts.

• Economic conditions. We proxy them by the log of the GDP per capita.

• Networks. This is the stock of co-nationals from country o already residing in the

country of destination d. This is the only time-varying dyadic variable in the model.

If our interest laid on the effect of each of these variables on migration flows, we would

need to concern ourselves with their potential endogeneity. However, since our interest is

to predict, this is not such a pressing issue. Still, Hanson and McIntosh (2016) argue that

it is reasonable to assume that the demographic structures of the countries are exogenous

to current immigration flows at least in a generation’s horizon. Also, we will assume that

5Borjas (2003) and Ottaviano and Peri (2012) could be considered the more classic references.
6Docquier et al. (2014) is a good example in this respect. Most effects of immigration and emigration on

wages are between -1 and 1 per cent over a decade.
7Contrary to this idea, Benveniste et al. (2021) quantify the implied effects of immigration embedded in

the SSPs.
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the effect of immigration and emigration on economic activity is close enough to zero as to

consider it negligible, justified by the fact that many estimates of the effects of immigration

and emigration actually cluster around zero. We would only need to worry about the endo-

geneity of the network variable, which has often been instrumented by past settlements or

by proxies for these past settlements (Beine et al., 2011).

3 Data

3.1 Dependent Variable

The main source for the immigration flows in this paper are the series of immigration stocks

by origin and destination every five years between 1990 and 2020 produced by United Na-

tions (2020). These are immigration stocks mostly based on population censuses. These

population censuses can be real censuses, typically decennial, population counts that some

countries run every five years, or administrative datasets. In some cases, they are just large

surveys. They should be considered as an approximation to actual population figures, par-

ticularly for 2020, when they are mostly a projection, given the publication date of United

Nations (2020). In between censuses, the data are mostly interpolations of real data.

The main advantage of this dataset is how comprehensive it is. It spans the whole world

for 30 years with a consistent methodology. This is the largest dataset available in terms

of time series and cross-sectionally.8 The cost is the lack of details about the composition

of the flows. We cannot distinguish by age. Furthermore, the random utility maximization

model described above implies that modt should be constructed with data on gross flows.

However, the original data will only provide us with net flows that we would have to use as

a proxy for gross flows, as in Bertoli and Fernández-Huertas Moraga (2015), for example.

Figure 1 shows the evolution of the migration stocks in the dataset. The figure reflects

four series: stocks of emigrants from the South in the North, stocks of emigrants from

the South in the South, stocks of immigrants from the North in the South and stocks of

immigrants from the North in the North. Following Özden et al. (2011), the North is defined

as Western Europe plus the US, Canada, Japan, Australia and New Zealand, while the

South is the rest of the world. The actual data will allow us to look into specific bilateral

8Özden et al. (2011) created decennial data for 1960-2000 for the whole world. The time period was thus

longer, but their data were less frequent and have not been updated.
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corridors, but we group countries this way to provide a more general picture of the time

series evolution.

Figure 1: Bilateral migration stocks to and from the North and the South (1990-2020)

Source: own elaboration on data from United Nations (2020).

There are two fundamental observations that stand out from looking at figure 1. The first

one is how South-South corridors dominate world migration stocks throughout the period.

They remained constant in absolute numbers until 2005 below 100 million migrants and then

went up until around 125 million migrants by the end of the period. A representative corridor

in these bilateral stocks is Indians in the United Arab Emirates, for example, the second

largest bilateral corridor in 2020 with 3.5 million individuals. The second observation is the

steady increase in emigration from the South to the North in these 30 years, from below 50

million in 1990 to over 100 million migrants in 2020. The effect of the great recession around

2010 on these stocks is barely noticeable as a deceleration in the graph. An example of these

stocks would be Mexicans in the US, the largest bilateral corridor in 2020 with almost 11

million individuals. Other than this, North-North corridors are also sizable but stable, while

North-South corridors remain very small.

10



The stocks from figure 1 will be used both to construct net flows and directly as an

independent variable to account for the evolution of the network of co-nationals for each

origin-destination-time data point.

Figure 2 shows the same information as figure 1 but in terms of net flows rather than

stocks. For example, the 10 million mark for the South-North migration corridor in 1990

comes from subtracting the 1995 data point from the 1990 one in figure 1. It thus means that

immigrants from Southern countries in the North increased by about 10 million between 1990

and 1995. These net flows will be used as a proxy for gross flows when estimating equation

(8). In figure 2, we see that South-North net flows actually dominated South-South ones until

the 2005-2010 period. After that, coinciding with the great recession, South-South flows grew

faster than South-North ones. We can see that South-South flows were actually negative in

1990-1995, but then grew to almost 15 million every 5 years and have remained stable since

2005. South-North net flows also grew, less spectacularly, until 2005-2010, dropped below

10 million in 2010-2015 and then partially recovered above 10 million in 2015-2020. In net

flow terms, North-South and North-North corridors confirm in this figure the lack of changes

observed in figure 1

The net flows in figure 2 could be consistent with many potential configurations of gross

flows. A net flow of zero between countries A and B could be the result of zero immigration

but it can also be the result of 10 million migrants of A moving to B while 10 million former

A migrants return to B. In theory, the RUM model should be applied to gross flows, as it

predicts the probability of moving from a particular origin to a destination at a point in time

and net flows are just the aggregation of many of these gross flows. In practice, we tend to

only have data on place of birth, which we use as an approximation of the origin o, and place

of residence, which we use as an approximation of the destination d. More formally, net

migration from country o to country d (nmodt) between periods t and t+ 1 can be obtained

as:

nmodt =
∑
r

mr
odt −

∑
r 6=d

md
ort (9)

The superscript denotes country of residence at time t while the second subscript would

be the residence at time t+1. When we use the net flows from figure 2 to approximate gross

flows, we are implicitly assuming that mr
odt = 0,∀r 6= o, and

∑
r 6=dm

d
ort = 0. Furthermore,

net flows are typically dropped from the estimation when they are negative so that a lot of
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Figure 2: Net migration flows to and from the North and the South (1990-2020)

Source: own elaboration on data from United Nations (2020).

information is lost.

In order to correct this, we can use recent estimates of gross international migration

flows that have been produced out of the same raw migration data in United Nations (2020).

For example, Abel and Sander (2014) estimated gross migration flows by assuming the

minimum value of gross flows that would be consistent with computed net flows. In the

same line, perhaps the most advanced estimation of gross flows is the one proposed by Azose

and Raftery (2019). They generated pseudo-Bayesian estimates of gross flows by taking a

weighted mean between the minimum estimates from Abel and Sander (2014) and estimates

from a model where independence is assumed between origin-birthplace movements and

destination-birthplace movements without origin-destination-birthplace flows. The weight

is calculated by fitting the model to 2002-2008 data from the IMEM project on European

migration (Raymer et al., 2013).

Figure 3 reproduces figure 2 but with the gross flows based on United Nations (2020)

following the methodology in Azose and Raftery (2019) instead of net flows. The data were
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produced originally by Abel and Cohen (2019) and updated by Abel (2022) with 2020 data.

The evolution of international migration flows depicted in figure 3 is more subtle than in

figure 2. We can see that South-South flows are dominant with respect to all other corridors

and that they grew mostly between 2000 and 2015, with a slight drop in the last five years.

For South-North flows, the drop between 2005 and 2015 is now more visible, as well as the

recovery in the 2015-2020 period. We can also observe a noticeable increase in gross flows in

the South-North corridors from around 20 million migrants in 1990-1995 to almost 30 million

in 2015-2020. Finally, while both North-North and North-South migration grew during the

period, this growth is more clear in the case of North-South corridors.

Figure 3: Gross migration flows to and from the North and the South (1990-2020)

Source: own elaboration on data from Abel (2022).

3.2 Independent variables

In order to explain the migration data from the previous subsection, we use the historic

evolution of population at origin and at destination, and economic conditions at origin and
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destination. For the population figures, we take total population by origin and destination

and its age structure from the World Population Prospects 2022 published by United Nations

(2022). For economic conditions, we proxy them by the series on the expenditure side real

GDP at chained PPPs to generate GDP per capita from the Penn World Tables (Feenstra

et al., 2015): PWT 10.01. We complete the data using PPP GDP per capita series from the

World Development Indicators.9 Missing GDP corridors account for less than 5 per cent of

global migration flows.10 For some of our results, we use some classic time-invariant gravity

variables, specifically distance, contiguity, common language and former colonial ties, which

we take from Conte et al. (2022).

In some auxiliary regressions, we will also look into the impact of climatic events on

migration flows. To this end, following Burke et al. (2015), we take mean temperatures from

University of Delaware global gridded monthly land precipitation and temperature (Will-

mott and Matsuura, 1995; University of Delaware, 2018): version 5.01. For precipitation,

also following Burke et al. (2015), we take monthly total precipitations from the Global

Precipitation Climatology Centre (Rustemeier et al., 2022).

For the prediction exercise, after estimating the models based on historical data, we need

to use projections of our independent variables to be able to forecast future migration flows.

For population, we also use the World Population Prospects 2022 (United Nations, 2022).

They include 10 population variants: constant fertility, constant mortality, high fertility,

instant replacement, instant replacement-zero migration, low fertility, medium, momentum,

no change and zero migration. They are depicted in figure 4. For GDP per capita, we take

the growth rates implied by the SSPs described by the IGPCC and quantified by Riahi et al.

(2017), Rogelj et al. (2018) and Gidden et al. (2019). Our baseline is SSP5 (fossil-fueled

development) because we want to follow Burke et al. (2015) once they compute the effects

of climate change on GDP, but we need to recall that SSP5 implies reasonably high growth

and convergence.

4 Estimation Results

This section summarizes the main estimation results of the paper.

9Data from World Bank (2024) accessed on 9-2-2024 using Azevedo (2011).
10Appendix A.1 describes how we arrive at our main estimation sample.
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Figure 4: World Population according to the WPP 2022

Source: own elaboration on data from United Nations (2022).

4.1 Baseline

We first estimate different versions of equation (8) by sequentially adding explanatory vari-

ables in Table 1. We present the results on a homogenous sample where we have data for

all of our main explanatory variables. The main source of missing variables, as explained

above, is the GDP per capita variable, but results are unaffected for other variables by these

missing corridors.11 Our baseline sample counts 231,324 observations, corresponding to 6

five-year periods that span from 1990 to 2015, 200 countries of origin and 200 countries of

destination for the migrants. Summary statistics are presented in Appendix A.1.

In the first column of Table 1, we regress gross migration flows by origin, destination and

five-year period on the log of the population at destination and the log of the population at

origin plus a full set of origin-destination fixed effects (200× 199 = 39, 800).12 The elasticity

of gross migration flows with respect to the population at destination is -0.58, reflecting a

11Results available from the authors upon request.
12We use the PPMLHDFE Stata command developed by Correia et al. (2020).
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negative association between growing populations at destination and the reception of interna-

tional migrants, while the elasticity with respect to population at origin is 1.81, significantly

larger than 1, which shows that the population at origin, in this simple regression, does not

just scale the probability of migration, which would imply a unitary coefficient, but it also

affects this probability, with increases in population at origin increasing it as well.

In the second column of Table 1, we add the share of the population aged 15 to 49 as an

explanatory variable, both at the origin and at the destination. The objective of adding these

variables is to control for the age structure of the population, which we know is relevant for

migration decisions, as migrating is an investment decision. The World Population Prospects

2022 (United Nations, 2022) provide us with the full age structure of the population. We

choose this particular specification for comparability purposes with the literature. If we add

the full population structure, we gain little in terms of the in-sample explanatory power of

the model, but the multicollinearity problems among the sizes of different age groups make

the models very unstable for prediction purposes. The elasticity of migration flows with

respect to the share of young population at destination is positive and significant, while it

is negative and marginally significant for the share of young at the origin. This may appear

unintuitive at first, but these are elasticities that keep the total population at origin and at

destination constant. If we do not control for total population, the share of young people

at origin becomes intuitively positive and significant, while the share of young people at

destination becomes non-significant.13

In the third column of Table 1, we add the logarithm of the migrant stock plus 1, so

as not to lose zero stocks, as an independent variable. The elasticity of gross migration

flows with respect to this network variable, the stock of migrants from that origin at that

destination at the beginning of the period, is positive and significant. The interpretation of

the 0.15 coefficient is that an increase of 1 per cent in the number of migrants at a destination

increases gross migration flows from that origin to that destination by 0.15 per cent. This

is sizable enough to alter significantly the type of predicted migration flows under different

models, as we will see in the next section, but much smaller than other estimates in the

literature (Beine et al., 2011), particularly those that do not control for dyadic fixed effects.

Our dyadic fixed effects absorb a large part of the classic network effect uncovered by the

literature in such a short panel.

13Results available from the authors upon request.
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Table 1: Baseline results: gross flows

(1) (2) (3) (4) (5)

Log Population at Destination -0.577*** -0.887*** -1.178*** -1.118*** -1.119***

(0.184) (0.228) (0.201) (0.269) (0.269)

Log Population at Origin 1.808*** 2.145*** 2.097*** 1.918*** 1.919***

(0.257) (0.285) (0.285) (0.266) (0.263)

Share 15-49 at Destination 2.651*** 3.481*** 3.085*** 3.093***

(0.904) (0.846) (0.962) (0.935)

Share 15-49 at Origin -1.960* -1.872 -1.420 -1.403

(1.147) (1.216) (1.147) (1.157)

Log (Migrant Stock +1) 0.152*** 0.143*** 0.143***

(0.048) (0.051) (0.052)

Log GDPpcPPP at Destination 0.196** 0.195*

(0.096) (0.105)

Log GDPpcPPP at Origin -0.093 -0.128

(0.152) (0.622)

(Log GDPpcPPP at Origin)2 0.002

(0.035)

Observations 231324 231324 231324 231324 231324

Dyadic FE Yes Yes Yes Yes Yes

GDP origin p-value 0.828

Pseudo R2 0.954 0.954 0.955 0.955 0.955

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.

GDP origin p-value from a test that both GDP per capita at origin coefficients are zero.

Our preferred and baseline specification is presented in column 4 of Table 1, where we

add the log of the GDP per capita both at origin and at destination. The earlier variables

keep their size and significance, while only GDP per capita at destination enters significantly

at the 5 per cent level in this specification, with an elasticity of 0.20. The coefficient on the
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GDP per capita at origin, negative at -0.09, does not imply a significant correlation with

gross migration flows.

Finally, in column 5 of Table 1, we explore whether the lack of significance of the coef-

ficient on the GDP per capita at origin might be coming from the non-linear relationship

between development and emigration uncovered by Clemens (2014), and studied by Dao

et al. (2018) or Clemens and Mendola (2024) among others. To this end, we add the square

of the log of the GDP per capita at origin as an explanatory variable that could pick up the

positive correlation between emigration and development for low levels of income at origin.

In column 5, the coefficient on the squared term is positive and insignificant, and a joint test

of the significance of both GDP at origin coefficients is clearly unable to reject the null that

they are both zero.14

4.2 Other Specifications

Our baseline results in Table 1 present a very particular choice of fixed effects and misses

some classic explanatory variables in a gravity model, notably distance. In Table 2, we check

the stability of the coefficients in our model to alternative fixed effects specifications and to

the addition of classic time-invariant gravity variables.

First, column 1 in Table 2 reproduces our baseline model, from column 4 in Table 1,

in order to make comparisons easier. Next, in column 2 we substitute the dyadic origin-

destination fixed effects for simple origin fixed effects and destination fixed effects. Hence,

the specification in column 2 of Table 2 features 400 fixed effects’ variables, compared to

39,800 fixed effects in our baseline model in column 1. Instead of the dyadic fixed effects, we

include four classic variables from the CEPII gravity dataset (Conte et al., 2022): distance

between the origin and the destination, contiguity, a dummy for the existence of a common

language and a dummy for a former colonial relationship. The gravity variables enter with

the expected signs. Migration flows are negatively related to distance and positively related

to contiguity, common language and common colonial past. The likelihood of the model, as

measured by the Pseudo R2 , goes down from 0.96 to 0.86, but the rest of variables keep

their size, with the notable exception of the network variable, which goes up from 0.14 in

our baseline to 0.48 in a model without dyadic fixed effects. This means that a big part of

14This does not mean that the relationship is not present in our dataset. It comes back when we use net

flows instead of gross flows, as in the cited articles. Results available from the authors upon request.
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Table 2: Other specifications: gross flows

(1) (2) (3) (4)

Log Population at Destination -1.118*** -1.393***

(0.269) (0.336)

Log Population at Origin 1.918*** 1.741***

(0.266) (0.282)

Share 15-49 at Destination 3.085*** 4.178***

(0.962) (1.202)

Share 15-49 at Origin -1.420 -1.461

(1.147) (1.363)

Log (Migrant Stock +1) 0.143*** 0.476*** 0.494*** 0.199***

(0.051) (0.024) (0.025) (0.023)

Log GDPpcPPP at Destination 0.196** 0.196*

(0.096) (0.102)

Log GDPpcPPP at Origin -0.093 -0.147

(0.152) (0.166)

Log Distance -0.261*** -0.271***

(0.058) (0.061)

Contiguous 0.324*** 0.291***

(0.099) (0.091)

Common Language 0.147* 0.146*

(0.076) (0.077)

Former Colony 0.572*** 0.572***

(0.084) (0.089)

Observations 231324 219376 219376 231324

Dyadic FE Yes Yes

Orig FE, Dest FE Yes

Orig-Year FE, Dest-Year FE Yes Yes

Pseudo R2 0.955 0.864 0.900 0.987

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.
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a potential network effect is picked up in our baseline model by those dyadic fixed effects.

In column 3 of Table 2, we opt for a more aggressive fixed effects specification, where

we control for interacted origin-time and origin-destination fixed effects. Hence, we lose all

of our origin-time and destination-time variables that proxy for demographic and economic

conditions at origin and at destination, since they are collinear with this fixed effects speci-

fication. The coefficients move very little with respect to column 2, which suggests that the

bias induced by proxying for origin and destination factors using our three demographic and

economic variables is not very large. The Pseudo R2 only increases from 0.86 to 0.90 with

this specification that controls for absolutely everything that can be going on at the origin

and at the destination without dyadic components.

Finally, column 4 of Table 2 saturates the model with dyadic, origin-time and destination-

time fixed effects. This means that we can only identify the coefficient of the network variable,

the only dyadic time-varying variable in the model. There are two elements that must be

emphasized for this specification. First, the Pseudo R2 is not that far from the one in our

baseline model, from 0.99 to 0.96, which means that our baseline model is very comparable

in terms of likelihood with this more complete model. Second, the elasticity of migration

flows with respect to the stock of co-nationals from the same origin in the same destination

is 0.20, much closer to the 0.14 of our baseline model, and within its confidence interval,

than to that in the models without dyadic fixed effects, such as columns 2 and 3.

Column 4 in Table 2 presents the model with the highest likelihood, but, of course, it

cannot be used for prediction purposes, since we cannot predict time effects by origin and

by destination into the future. The same is true about column 3.

4.3 Other Dependent Variables

Our baseline results are based on the definition of gross migration flows developed by Azose

and Raftery (2019). They create gross flows out of migration stocks using reasonable as-

sumptions, but it is nonetheless interesting to look into the impact of the type of proxy we

can use for migration flows on the estimates of the gravity model.

This exercise is performed in Table 3, where we compare our baseline model, from column

4 in Table 1 to the same model run on different versions of the dependent variables. In column

1, we reproduce our baseline model to ease the comparisons. In column 2, our dependent

variable is the classic difference in stocks, where negative values are simply turned into
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zeroes. There are two main differences with our baseline model. First, the log of the migrant

stock, our proxy for migration networks, becomes insignificant in the specification for net

flows, possibly because return migration, which enters negatively the definition of net flows,

is positively related to migration stocks: more people will return when there are larger stocks

in a destination. Second, the elasticity of net flows with respect to GDP at destination is

also larger. Again, this could be related to the return migration flow, as increases in GDP

at destination should be reducing return migration flows.

Columns 3 to 5 in Table 3 present the results of our benchmark specification for three

other definitions of the dependent variable. In column 3, negative net flows are added as

positive flows in the opposite direction, following Beine and Parsons (2015), but these can

also be considered net flows. In columns 4 and 5, we introduce two different assumptions

about the construction of gross migration flows out of stock migration data. Abel and Sander

(2014) built the minimum gross migration flow that is compatible with observed migration

stocks. This is presented in column 4. In column 5, the assumption is the same but the

model is closed to account for missing corridors. All of these models turn out to be quite

comparable with our baseline model, even if the network variable is not generally significant.

Still, it is not significantly different from our baseline estimate of 0.14 either.

For the rest of the paper, we focus on the difference between columns 1 and 2 as the

difference between net and gross flows while we comment our results.

4.4 Adding Climatic Variables and Time Trends

When we look at the sensitivity of migration predictions with respect to economic condi-

tions, we will be using the SSPs, as advanced in Section 3. These SSPs were developed to

understand the economic effects of different climate change scenarios. We could also think

of incorporating directly climatic events in our baseline model in order to directly test the

sensitivity of migration flows to climatic variables, as other papers did (Beine and Parsons,

2015; Cattaneo and Peri, 2016).

This is what we do in Table 4. Since we lose observations on small countries when we

merge our dataset with the data on temperatures and precipitation (see Appendix A.1), we

first show how our baseline model changes in this reduced sample with 167,682 observations in

column 1. There are no relevant changes although the coefficient on the GDP at destination

is more imprecisely estimated and only significant at the 10 per cent level. The magnitude
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Table 3: Other specifications: different dependent variables

(1) (2) (3) (4) (5)

Gross Flows Net Flows Net Flows Gross Flows Gross Flows

Pseudo- Stock Diff Stock Diff Open Closed

Bayesian Drop Neg Rev Neg Acc Acc

Log Population -1.118*** -1.547** -2.388*** -1.750*** -1.964***

at Destination (0.269) (0.723) (0.535) (0.622) (0.613)

Log Population 1.918*** 1.430** 3.063*** 1.561*** 1.648***

at Origin (0.266) (0.659) (0.554) (0.593) (0.524)

Share 15-49 3.085*** 9.214*** 6.484*** 8.334*** 8.756***

at Destination (0.962) (3.343) (2.057) (2.622) (2.748)

Share 15-49 -1.420 -1.868 0.223 -2.791 -2.571

at Origin (1.147) (2.076) (2.480) (2.810) (2.369)

Log (Migrant Stock +1) 0.143*** 0.004 0.100 0.060* 0.037

(0.051) (0.032) (0.069) (0.034) (0.046)

Log GDPpcPPP 0.196** 1.015*** 0.257 0.381* 0.672***

at Destination (0.096) (0.284) (0.188) (0.231) (0.244)

Log GDPpcPPP -0.093 -0.033 -0.237 0.109 0.154

at Origin (0.152) (0.382) (0.248) (0.338) (0.326)

Observations 231324 231324 231324 231324 231324

Dyadic FE Yes Yes Yes Yes Yes

Pseudo R2 0.955 0.903 0.888 0.901 0.890

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variables are provided by Abel (2022). Dyadic FE refers to origin-destination

fixed effects.

of the rest of coefficients remains virtually unchanged.

In column 2 of Table 4, we look for direct effects of climatic variations, measured by av-

erage temperatures and total precipitations per country and time period, on gross migration

flows. We find no significant correlation with temperatures at origin, but a strongly signifi-

cant and positive correlation with temperatures at destination. This indicates that between

1990 and 2020, gross migration flows were more attracted by countries where temperatures
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Table 4: Other specifications: adding climatic variables

(1) (2) (3)

Log Population at Destination -1.138*** -1.261*** -1.167***

(0.270) (0.218) (0.271)

Log Population at Origin 1.919*** 1.993*** 1.892***

(0.269) (0.280) (0.269)

Share 15-49 at Destination 3.140*** 3.332*** 2.881***

(1.007) (0.837) (1.000)

Share 15-49 at Origin -1.679 -1.963 -1.620

(1.186) (1.242) (1.183)

Log (Migrant Stock +1) 0.149*** 0.154*** 0.150***

(0.055) (0.055) (0.056)

Log GDPpcPPP at Destination 0.192* 0.134

(0.100) (0.094)

Log GDPpcPPP at Origin -0.074 -0.102

(0.154) (0.156)

Average Temperature at Destination 0.245*** 0.228***

(0.074) (0.079) )

Average Temperature at Origin -0.029 -0.030

(0.099) (0.099)

Total Precipitation at Destination (x1000) -0.365 -0.354

(0.345) (0.341)

Total Precipitation at Origin (x1000) -0.263 -0.267

(0.214) (0.209)

Observations 167682 167682 167682

Pseudo R2 0.952 0.952 0.952

Dyadic FE Yes Yes Yes

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.
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were increasing. This correlation is strong enough to drive the coefficient on GDP per capita

at destination insignificant in column 3 of Table 4, although the difference is not statistically

significant with column 1. Also, the addition of the climatic variables does not change much

the likelihood of the models, as the lack of variation in the Pseudo R2 shows.

One could be concerned about the statistical significance of temperatures at destination

in Table 4. Should we add temperatures at destination to our baseline model to predict

future migration flows? The significance of this coefficient would argue for the inclusion.

However, one could think that climatic variations should also affect economic conditions

(Burke et al., 2015), so that a specification with both GDP and temperatures would not

have a straightforward interpretations. In order to understand whether temperatures at

destination are a robust correlate of migration flows or just the expression of a secular

trend, in Table 5 we repeat the same specifications as in Table 4, but with the addition

of origin-specific and destination-specific time trends. These models are inspired by the

main specification in Burke et al. (2015), who argued that effects of climatic variables,

temperatures in particular, beyond the trend could be used to isolate the causal effect of

temperature changes on GDP growth.

In Table 5, the addition of origin and destination-specific linear time trends leads to an

insignificant estimate for all climatic variables. This is not generally the case for demo-

graphic and economic variables. In particular, GDP per capita at destination becomes more

significant and even larger with time trends, and the only novelty is that GDP at origin also

becomes negatively significant in this specification, signaling that negative deviations from

trend in GDP per capita at origin are more correlated with emigration than regular decreases

in migration flows. One could be tempted to use our model with linear trend in column 1

of Table 5 as our baseline for predictions in the next section. However, the origin-specific

and destination-specific time trends are too imprecisely estimated and too volatile to derive

meaningful predictions from them.

Summing up, our joint interpretation of Tables 4 and 5 is that any effect of climatic

variables on migration flows should be accommodated in a simple model like ours through

their effect on economic conditions. As a result, we will show the sensitivity of the predictions

derived from our baseline to changes in GDP associated to different SSPs and we will also

compare migration flows in the two main scenarios proposed by Burke et al. (2015): without

climate change in SSP5 and with climate change, for which they estimated a decrease in
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Table 5: Other specifications: adding climatic variables with country time trends

(1) (2) (3)

Log Population at Destination -4.591*** -4.597*** -4.462***

(0.600) (0.560) (0.619)

Log Population at Origin 5.769*** 6.004*** 5.827***

(1.707) (1.668) (1.697)

Share 15-49 at Destination 3.769*** 4.184*** 3.542**

(1.424) (1.458) (1.418)

Share 15-49 at Origin -0.434 -0.940 -0.480

(2.612) (2.554) (2.631)

Log (Migrant Stock +1) 0.084 0.102* 0.087

(0.057) (0.055) (0.056)

Log GDPpcPPP at Destination 0.285*** 0.267***

(0.101) (0.102)

Log GDPpcPPP at Origin -0.217* -0.223*

(0.120) (0.119)

Average Temperature at Destination 0.076 0.049

(0.049) (0.044)

Average Temperature at Origin 0.114 0.112

(0.081) (0.080)

Total Precipitation at Destination (x1000) -0.018 -0.014

(0.166) (0.16)

Total Precipitation at Origin (x1000) -0.126 -0.131

(0.227) (0.224)

Observations 167682 167682 167682

Pseudo R2 0.972 0.972 0.972

Dyadic FE Yes Yes Yes

Orig and Dest linear trends Yes Yes Yes

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.

world GDP of 23 per cent by 2100 associated to an increase in average global temperatures

of 4.3 degrees Celsius.
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5 Predictions

In this section, we will take the estimated coefficients from the results presented above and

use them to predict the evolution of future migration flows all the way up to 2100. In

order to perform this exercise, we take the population structure of origin and destination

countries as given, represented in the variable of the share of individuals aged 15 to 49. We

also assume that immigration and emigration do not significantly alter GDP projections and

take the GDP growth associated to the SSPs also as given. On the contrary, we use our

own predictions to update the total population of origin and destination countries and, more

relevantly, the migrant stock in each origin-destination pair. We use actual data on migrant

stocks for our predictions of migration between 2020 and 2025 and then our updates for the

rest of the century. We detail below the assumptions that we use.

From 2025 onwards, we always take the direct prediction from equation (8) for each cor-

ridor. We only make sure that the total emigration flow does not exceed the total population

of the country of origin. If it does, we just distribute the total population across destinations

based on weights drawn from the direct prediction of equation (8). To update migrant stocks,

we first assume that the death rate of migrants is the same as the predicted death rate at

the origin country according to United Nations (2022). This is not realistic, but it allows

us to keep the world population constant in our prediction.15 Second, we update migrant

stocks by adding our predicted net flows by corridor to the surviving migration stock. The

hidden assumption here is that the first people to leave a country are the former migrants

from the point of view of net migration receivers, while they are natives from the point of

view of net migration senders. If gross flows from A to B are larger than gross flows from B

to A, the stock of A people in B increases while the stock of B people in A decreases. This is

also unrealistic, but it can be considered as a way of generating a lower bound on migration

stocks, because they tend to be reduced globally by mortality. Given the relevance of the

stock variable for our predictions, as it will be seen, we keep this conservative assumption.

To update the populations of the countries, what we do is to subtract the net migration

flows provided by United Nations (2022) for each scenario in the WPP 2022 and add instead

our model-generated net migration flows by destination. We then apply the population

growth rate provided by United Nations (2022) to the model-generated population of the

previous period.

15Results are robust to this assumption. Alternative predictions available upon request.
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We choose to present our main prediction exercises in terms of the stock of international

migrants in the world or in some particular corridor over the total population. This is helpful

to fix ideas in a metric that can be widely understood.

5.1 By Model

We start by showing the relative influence of our independent variables for the prediction of

future migration flows in Figure 5. The figure is built by predicting migration flows using

equation (8) and the procedure describe above to add to existing migration stocks in the

world, depicted in solid black for the period 1990-2020. These predicted migration stocks are

then divided by the world population according to the Medium population scenario provided

by United Nations (2022). GDP per capita is assumed to evolve according to SSP5, a scenario

of high growth and convergence across countries. This scenario is known as “Fossil-fueled

Development.”

Figure 5: Predicted Share of Migrants by Model

Source: own elaboration.

Five different gravity predictions are shown in Figure 5, corresponding to models pre-
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sented in columns 2, 3 and 4 of Table 1, and two additional models that can be found in

the Appendix A.2. The simplest model (“Pop origin” in blue in the figure) includes only

dyadic fixed effects and population at origin as the only time-varying regressor. It allows

us to see the effect of the size of origin-country populations on predicted migration flows,

assuming average migration rates by corridor remain at their 1990-2020 levels, which is the

information contained in the fixed effects. Under this simple model, world migration stocks

would increase from 3.2 per cent of the world population in 2020 to 5.0 per cent in 2050 and

to 9.7 per cent in 2095.

Figure 5 allows us to realize that the population structure at origin does not add much to

the prediction, while population at destination only starts to matter after 2060, when predic-

tions should be considered less and less reliable, as they would start applying to populations

that have not been born yet.

The variable that seems to matter the most for the prediction, beyond population at

origin, is the stock of co-nationals residing in the destination country, our proxy for a network

component of migration flows (purple line in Figure 5). The inclusion of this variable in the

model, even with a relatively low elasticity of 0.15 (column 3 in Table 1) increases the

prediction of the stock of migrants in 2050 up to 7.1 per cent of the world population, and

up to 22.3 per cent by 2095.

Finally, another element that should be emphasized is the very small impact that includ-

ing economic variables has on the predictions. Once we include GDP per capita at origin

and at destination, the relative convergence of the SSP5 scenario leads to a small reduction

of world migration stocks (red line in Figure 5) with respect to a model without economic

components. They would reach 7.0 per cent in 2050 and 21.7 per cent by 2095.

5.2 By Dependent Variable

Next, we look into the impact of the choice of dependent variable on the predicted share

of migrants. Figure 6 shows the results of this exercise, whose estimates were presented in

Table 3. We recall that the main difference between the use of alternative definitions of

migration flows was the relevance of the network variable, larger in our baseline model with

gross migration flows built according to the pseudo-Bayesian method of Azose and Raftery

(2019). This is reflected in the fact that the prediction for our baseline model (red line in

Figure 6) is much larger than that of any of the predictions based on the rest of dependent
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variables. By 2050, our baseline model predicts that 7.0 per cent of the world population

will live abroad, up from 3.2 per cent in 2020. If we take instead the simple difference in

stocks as our dependent variable, as in column 2 of Table 3, the model predicts that 3.7 per

cent of the world population will be international migrants by 2050 (blue line in Figure 6).

By 2095, the difference would be between 21.7 per cent with our baseline gross flows and 9.6

per cent with these alternative net flows.

Figure 6: Predicted Share of Migrants by Dependent Variable

Source: own elaboration.

In general, models with gross flows as the dependent variable predict more growth of

international migration into the future. The main differences that we see in Figure 6 have to

do both with the size of the network coefficient and with that of the elasticity of migration

flows with respect to the GDP per capita at destination, which explains, for example why

net flows where we turn negative values into zeroes predict more migration that net flows

where we reverse negative values (green line). The GDP coefficient is about 4 times larger

for the former model (column 2 in Table 3) than in the latter (column 3).
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5.3 Sensitivity to Demographic and Economic Scenarios

All of the above predictions were keeping constant the population projections (Medium) and

the economic scenario (SSP5). In this subsection, we turn our attention to the sensitivity of

the predictions to different demographic and economic scenarios.

Starting with demography, Figure 7 represents how our baseline model changes as we vary

the demographic projections that we feed from the future based on the World Population

Prospects 2022 (United Nations, 2022). What is more remarkable about Figure 7, which

shows our baseline prediction in thick red, is how concentrated all predictions are in the

medium term, around 7 per cent as the world migrant share in 2050. In fact, we only see

big differences across variants for the end of the century, with all variants predicting world

migrant stocks between 15 and more than 25 per cent of the world population.

Figure 7: Predicted Share of Migrants by Population Variant

Source: own elaboration.

The differences across socioeconomic scenarios are even less remarkable in our baseline

model. Figure 8 represents the predicted migration stocks that result from using the GDPs

associated to different SSPs to proxy the evolution of origin and destination countries. Given
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the low elasticity of migration flows to respect to GDP that was found in column 4 of Table

1, it is not surprising that it is actually hard to distinguish across SSPs in terms of their

migration consequences.

Figure 8: Predicted Share of Migrants by SSP

Source: own elaboration.

5.4 Climate Change

In addition to the five SSPs, Figure 9 adds a sixth scenario, based on Burke et al. (2015).

This scenario is a modified version of SSP5, where the GDP growth implied by SSP5 is

reduced according to the estimates of Burke et al. (2015) for the effects of climate change on

economic activity. We can see that a potential reduction of economic activity associated to a

warming planet would increase international migration, but not by much if the relationship

between GDP changes and migration continues to be the same as it was between 1990 and

2020.

We could be tempted to argue that climate change, here equivalent to large changes in the

distribution of GDP growth across countries, has no effect of international migration flows.
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Figure 9: Predicted Share of Migrants and Climate Change

Source: own elaboration. CC refers to climate change, defined as the baseline decrease in

GDP projected by Burke et al. (2015).

However, the exercise is rich and heterogeneous enough that it is easy to find particular

corridors where the two scenarios lead to drastically different migration flows. Figure 10

presents two examples in two relevant corridors. To the left, we can see that Mexican flows

to the United States would hardly be affected by changes in GDP associated to climate

change. To the right, however, climate change is predicted in this model to severely decrease

migration flows from the Philippines to Saudi Arabia.

5.5 Uncertainty

Even if all of the prediction exercises presented so far allow us to see that a variety of

scenarios could be justified with very simple gravity models, it must be recalled that each of

these scenarios would actually carry some degree of uncertainty.

In order to understand the degree of uncertainty associated to each of the scenarios, we

show next the standard errors that we associate to our baseline model in the case of the
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Figure 10: Examples of Small and Large Effects of Climate Change on Migration Flows

Source: own elaboration. CC refers to climate change, defined as the baseline decrease in

GDP projected by Burke et al. (2015). The left panel shows predicted migration flows from

Mexico to the United States. The right panel shows predicted migration flows from the

Philippines to Saudi Arabia.

medium population variant and an evolution of GDP according to SSP5. To calculate these

standard errors, given that we needed to update population and migration stocks for every

year, what we have done is to bootstrap the whole procedure, sampling with replacement

1,000 times out of our baseline database.

Figure 11 shows the results of the exercise. The conclusion with respect to the uncertainty

of the models is very similar to the one that can be reached by looking at different scenarios

by population and economic evolution of the countries. In the medium term, roughly until

2050, the uncertainty is not that large, with 95 per cent of the replications falling between

6.5 and 11.5 per cent of the world population as a likely world migration stock. However,

in the long term, the uncertainty skyrockets, even within a simple model out of the many

scenarios that have been pointed at. By 2095, the 95 per cent confidence interval for the

world migration stock spans from between 20 and 45 per cent of the world population.

We need to emphasize again that this uncertainty would be associated to one single

scenario All in all, we have hinted so far in this section to 1,500 scenarios, the result of 5

specifications in terms of variables (Figure 5), 5 in terms of dependent variables (Figure 6),

10 in terms of population variants (Figure 7) and 6 in terms of GDP scenarios (Figure 8).
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Figure 11: Predicted Share of Migrants with Confidence Interval

Source: own elaboration. 95 per cent confidence interval based on 1,000 bootstrapped repli-

cations with replacement.

5.6 Comparison with Welch and Raftery (2022)

Given the large number of scenarios and confidence intervals emphasized above, it is reason-

able to wonder to what extent the gravity model presented here can be useful as a prediction

tool. This is why we end this section by comparing the predictive performance of our baseline

model with that in Welch and Raftery (2022), arguably one of the best prediction models

the academic literature can offer.

Welch and Raftery (2022) justify the superiority of their Bayesian approach to forecasting

migration flows by fitting it to 1990-2015 data and then using it to predict 2015-2020 flows.

The mean absolute error of their prediction is 1.2 thousand migrants. Our baseline model

reaches 1.4,16 although our model on net flows goes down to 0.9. We are certainly below

the 3.0 thousand that they report for their “Gravity Model” and the 10.0 thousand of their

“Poisson hurdle model.”

16Our baseline model up to 2015 is presented in Appendix A.3.
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Our model does worse in terms of mean absolute prediction error, though. While Welch

and Raftery (2022) reach 76 per cent, our baseline model stays at 164 per cent. It is still

much lower than their reported “Gravity Model” in Welch and Raftery (2022), at 1,565 per

cent, and than their “Poisson hurdle model,” which goes up to 25,649 per cent.

However, one advantage of our baseline gravity model is the size of the confidence interval

associated to it. Figure 12 compares the 95 per cent confidence interval reported by Welch

and Raftery (2022) with the one we obtained following the procedure described above to

build Figure 11.

Figure 12: Predicted Migration Flows: our baseline and Welch and Raftery (2022)

Source: own elaboration and Welch and Raftery (2022). Our 95 per cent confidence interval

is based on 1,000 bootstrapped replications with replacement.

Figure 12 is different from other figures in this paper because it reports migration flows as

a share of the population instead of migration stocks. The confidence interval for Welch and

Raftery (2022) goes almost from 0 to 4.5 per cent of the world population for the prediction of

migration flows between 2040 and 2045. Compared to theirs, ours is much more concentrated

between 1.5 and a bit more than 2.5 per cent of the world population of the same period.
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Notice that both confidence intervals are asymmetric, as migration flows are bounded below

by zero. If we only look at the central prediction, ours is larger than the one in Welch and

Raftery (2022), probably because they neglect migration networks in their model.

Still, we acknowledge that this higher level of precision of our model can be considered

artificial, given our previous discussion of the many alternative scenarios that we could build

with the gravity models, potentially as reasonable as our baseline one, and each of them

with its own level of uncertainty.

Finally, Welch and Raftery (2022) also assess the predictive power of their model by

computing the R2 of a simple regression of real bilateral flows on their predicted flows for

2015-2020. They report an R2 of 0.97. Our very simple, but much easier to interpret,

baseline model features an R2 of 0.96, again not very far from theirs.

6 Conclusion

This paper has shown the usefulness of the gravity model as a prediction tool for international

migration flows. From a theoretical perspective, we have reviewed the arguments that call for

the estimation of Poisson Pseudo Maximum Likelihood models with heterogeneous elasticities

by origin and destination. PPML models fit migration flows directly while OLS models on

ratios are subject to the retransformation problem and typically lead to underestimate the

prediction of flows.

Our most novel result has to do with the relevance of network effects, defined as the stock

of co-nationals already residing in a destination countries, for the prediction of migration

flows. Models estimated on net migration flows do not find a correlation with networks and

tend to predict much fewer migration flows into the future than models estimated on gross

migration flows.

Consistent with the earlier literature, we have also shown that gravity predictions respond

to the evolution of demographic conditions at origin, particularly the size of the population in

origin countries, but they are not very sensitive to the evolution of demographic conditions

at destination or economic variables both at origin and at destination. For example, the

elasticity of migration flows with respect to GDP per capita is typically small and only

significant with respect to the GDP per capita at destination.

This feature leads to generally consistent predictions across models and demographic and
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socioeconomic scenarios in the medium term. In the longer term, however, we find both a

much higher uncertainty and a wild variation in scenarios.

We believe the main advantage of the gravity model as a prediction tool is its trans-

parency. The gravity model provides us with a tool that allows us clearly to see the impact

of different assumptions of the potential path of migration flows or, more precisely, migra-

tion pressures, over the near future. We can see to what extent different assumptions on

demography, the role of networks or economic conditions map into different paths for future

international migration. The cost in terms of predictive ability with respect to other leading

models in the literature is minimal. Paraphrasing the famous misquote attributed to Mark

Twain, the reports of the death of the gravity model as a prediction tool for migration flows

have been greatly exaggerated.
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Correia, S., P. Guimarães, and T. Zylkin (2020): “Fast Poisson estimation with high-

dimensional fixed effects,” The Stata Journal: Promoting communications on statistics and

Stata, 20, 95–115.

Dao, T. H., F. Docquier, M. Maurel, and P. Schaus (2021): “Global migration in

the twentieth and twenty-first centuries: the unstoppable force of demography,” Review

of World Economics, 157, 417–449.

Dao, T. H., F. Docquier, C. Parsons, and G. Peri (2018): “Migration and de-

velopment: Dissecting the anatomy of the mobility transition,” Journal of Development

Economics, 132, 88–101.

Desmet, K. and E. Rossi-Hansberg (2015): “On the spatial economic impact of global

warming,” Journal of Urban Economics, 88, 16–37.

Docquier, F. and J. Machado (2017): “Income Disparities, Population and Migration

Flows Over the Twenty First Century,” Italian Economic Journal, 3, 125–149.
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A Appendix

A.1 Sample selection

We start from the original data on migration flows by Abel (2022), disaggregated by gender.

After adding male and female migrants by corridor, we are left with 304,658 observations. We

then aggregate Sudan and South Sudan and also Serbia and Montenegro, the two countries

that split during the sample period so that the panel of countries does not change. This

leaves us with 304,654 observations, losing 0.28 per cent of the gross international migration

flows that become internal migration due to the aggregation.

When we merge with population data from United Nations (2022), the only observations

we do not match come from the population side, hence we do not lose migration observations.

Next, for the network variable, the stock of migrants from the same origin at the same

destination at the beginning of the period, we go back to United Nations (2020). Despite the

fact that Abel (2022) is built from United Nations (2020), we fail to match many corridors.

Luckily, their quantitative relevance is generally very small. From the stock side, we do not

match 728 observations, but they amount to less than 8,000 migrants globally per five-year

period. For example, the largest missing corridor is 4,095 immigrants from the Caribbean

Netherlands (Bonaire, Sint Eustatius and Saba) living in Canada in 2015. A larger concern

is our failure to match 70,342 observations for which we have flow data but no stock data.

This is 77 per cent of the sample in terms of observations, but only 5.8 per cent in terms

of gross migration flows. Out of the distribution of gross migration flows corresponding to

these missing migration stocks, 73 per cent are zero and the 99th percentile is 1,477 migrants.

As a result, we decided to assume these missing corridors were zero so as not to lose the

observations. However, this might not be true for some corridors. For example, we are

assuming a zero migration stock for a gross migration flow of 1,415,483 migrants going from

Iran to Afghanistan between 1990 and 1995. The estimates in the paper are robust to just

dropping all these non-matched observations or to assuming heterogeneous coefficients for

these corridors.17

Then, we merge the GDP data from the Penn World Tables (Feenstra et al., 2015) and

from the World Bank World Development indicators (World Bank, 2024). We fail to match

73,330 observations, which amount to 5 per cent of gross migration flows. This leaves us

17Results available from the authors upon request.
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with a total number of observations of 231,324 in our baseline sample. Table 6 provides basic

summary statistics on this baseline sample.

Table 6: Summary Statistics

Obs Mean SD Min Max

Dependent Variables: Migration

Gross Flows (Pseudo-Bayesian) 231,324 2,095 26,482 0 2,909,903

Net Flows (Stock Diff Drop Negatives) 231,324 706 15,425 0 2,709,438

Net Flows (Stock Diff Rev Negatives) 231,324 889 16,997 0 2,709,438

Gross Flows (Open Accounting) 231,324 870 16,819 0 2,786,012

Gross Flows (Closed Accounting) 231,324 1,089 18,118 0 2,217,482

Independent Variables

Population at Destination 231,324 31,571,298 124,136,741 4,673 1,389,794,304

Share 15-49 at Destination 231,324 0.506 0.050 0.400 0.857

Migrant Stock 231,324 4,515 76,349 0 12,168,662

GDP per Capita at Destination 231,324 16,486 19,089 266 129,818

Distance 219,376 8,120.444 4,546.672 8.000 19,819

Contiguous 219,376 0.015 0.121 0 1

Common Language 219,376 0.172 0.378 0 1

Former Colony 219,376 0.010 0.097 0 1

Average Temperature at Destination 167,682 18.797 8.071 -8.885 29

Total Precipitation at Destination 167,682 1,112 816 23 4340

Migration flows, stocks and population measured in number of persons, distance is measured

in kilometers, GDP per capita in PPP dollars, temperatures are measured in Celsius degrees

and precipitations in millimeters.

When we merge our baseline with climate data, missing temperature data for small

territories lead us to lose 63,642 additional observations, which account for 3.5 per cent of

our baseline gross migration flows.
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A.2 Prediction Models for Figure 5

Table 7: Prediction models for Figure 5: gross flows

(1) (2) (3) (4) (5)

Log Population at Origin 1.360*** 1.420*** 2.145*** 2.097*** 1.918***

(0.275) (0.271) (0.285) (0.285) (0.266)

Share 15-49 at Origin -0.843 -1.960* -1.872 -1.420

(1.161) (1.147) (1.216) (1.147)

Log Population at Destination -0.887*** -1.178*** -1.118***

(0.228) (0.201) (0.269)

Share 15-49 at Destination 2.651*** 3.481*** 3.085***

(0.904) (0.846) (0.962)

Log (Migrant Stock +1) 0.152*** 0.143***

(0.048) (0.051)

Log GDPpcPPP at Destination 0.196**

(0.096)

Log GDPpcPPP at Origin -0.093

(0.152)

Observations 231324 231324 231324 231324 231324

Pseudo R2 0.953 0.953 0.954 0.955 0.955

Dyadic FE Yes Yes Yes Yes Yes

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.
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A.3 Baseline model up to 2015

Table 8: Baseline estimation on 1990-2015 flows

Log Population at Destination -1.417***

(0.314)

Log Population at Origin 2.243***

(0.335)

Share 15-49 at Destination 4.563***

(1.068)

Share 15-49 at Origin -2.024

(1.239)

Log (Migrant Stock +1) 0.178***

(0.045)

Log GDPpcPPP at Destination 0.102

(0.072)

Log GDPpcPPP at Origin 0.053

(0.123)

Observations 191524

Dyadic FE Yes

Pseudo R2 0.960

* p<0.1, ** p<0.05, *** p<0.01. Clustered standard errors by origin country in parentheses.

The dependent variable are pseudo-Bayesian estimates of gross flows following Azose and

Raftery (2019), provided by Abel (2022). Dyadic FE refers to origin-destination fixed effects.
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