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Human migration has surged since 2000 — 
these maps reveal where people are going
Modelling with artificial-intelligence tools has filled gaps in migration data, revealing detailed 
global population movements from 1990 to 2023.

By Miryam Naddaf

Global migration has increased from 13 million people per year in 2000 to around 35 million in 

2023. The data, published in Nature on 10 June1, come from the most detailed maps of global 
migration produced in the 33 years.

Researchers analysed the number of people moving to and from 230 countries and territories each 
year between 1990 and 2023, training an artificial-intelligence model on several sources of 
migration data (see ‘A global picture of human migration’). The study reveals the patterns of 
migration affected by drivers such as economic change, climate, conflict and policy reforms — for 
example, the largest single instance of people migrating occurred in 1994, with nearly 950,000 
people moving from Rwanda to the Democratic Republic of the Congo following the Rwandan civil 
war.

Ukrainian immigrants living in Spain take part in a procession 
through the streets of Madrid. Credit: Aaron Heredia/NurPhoto via 
Getty

https://www.nature.com/articles/d41586-026-01796-y#author-0
https://www.nature.com/articles/d41586-026-01796-y#ref-CR1


The data, which can be explored on the researchers’ website, will be a useful resource for “planning 
purposes where migration is relevant”, such as schooling, social benefits and labour markets, says 
Wolfgang Lutz, a demographer at the Wittgenstein Centre for Demography and Global Human 
Capital in Vienna, who was not involved in the study. 

“This is a much more complete picture of global migration streams than we had any time before,” 
adds Lutz.

Gaps in the data
For demographers who study how populations change over time, data on migration have “been 
notoriously the least reliable”, says Lutz. Migration trends are sometimes estimated indirectly from 
changes in population size that cannot be attributed to births or deaths.

Figure 1: Source: Ref.1.

https://www.socsc.hku.hk/rhps/global-migration/


There are also gaps in the data on migration — some nations do not consistently collect information 
about people emigrating or immigrating . Even the United Nations and World Bank data sets on the 
number of migrants in each country are only published at five- and ten-year intervals, respectively. 
“A lot of people might migrate for a couple of years and then move back or move on,” and that’s 
not picked up at all, says study co-author Guy Abel, a statistical demographer at the University of 
Hong Kong.

To create a more detailed data set of migration dynamics, Abel and his colleague Thomas Gaskin, 
an applied mathematician at the London School of Economics and Political Science, turned to 
several data resources, including the United Nations, national statistics and the social-media 
platform Facebook.

The researchers then designed a hybrid approach to estimate migration flow, combining classical 
mathematical models with deep-learning networks that incorporated dozens of geographical, 
economic, cultural and political factors that influence people’s decisions to migrate. These factors 
included economic status, trade between countries, religious similarities, wars and conflicts, 
colonial ties and even the number of speakers of various languages in each nation, explains Gaskin.

The approach allowed the team to estimate how many people moved to or left each country or 
territory each year. “With the annual resolution that we are estimating, we gain a lot of additional 
insight that you wouldn’t get over the five- or ten-year intervals that are done currently because 
[they] will mask a lot of what happens,” notes Abel.

Detailed maps
The researchers say that their work provides information on global population movements, 
particularly in areas with scarce data. They found, for example, that the Middle East had the highest 
total inflow of migrants during the study period. Between 2010 and 2023 alone, around 19 million 
people migrated from India, Pakistan and Bangladesh to Saudi Arabia, Qatar, Bahrain and the 
United Arab Emirates.

The researchers also found that 20 million people have moved from eastern to western Europe since 
1990, making Europe consistently the region with the highest levels of internal migration.

“This is just very helpful to understand how fragmentary the official data are,” says Lutz. The work 
represents “huge progress, and it will really enrich the field of demographic analysis anywhere quite 
significantly”, he adds.

The researchers have released all of the data, code and trained models for scientists to use in future 
analyses. This kind of deep-learning approach can also help to predict future movements that might 
occur after events such as climate shocks and conflicts. But Gaskin says that projecting what the 
world will look like in the future might be rather complex.

doi: https://doi.org/10.1038/d41586-026-01796-y
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How many people move between countries 
every year? This seemingly simple — and often 
highly contentious — question is surprisingly 
hard to answer. Attempts to do so quickly 
run into the realities of the existing global 
capacity to track who is leaving and who is 
arriving in specific places1,2. Writing in Nature, 
Gaskin and Abel3 use an artificial-intelligence 
model to collate data from various sources, 
providing perhaps the best picture of global  
migration yet.

Some reliable estimates of global migration 
flows do exist4, but work done so far mainly 
captures movement to and from high-income 
countries, such as the United States and Euro-
pean countries. Ultimately, this provides only 
a small snapshot of the overall movement of 
people worldwide. In some places, it is simply 

impossible to generate reliable data due to 
armed conflicts, natural disasters, economic 
collapse or political instability. Even in locations 
in which meaningful data can be collected, 
differing definitions of immigration hamper 
the ability to create a holistic global picture. 

Currently, the best global view is provided 
by migrant population data, known as stock 
data, published by the United Nations and the 
World Bank. The way in which these data sets 
are calculated is relatively straightforward. 
The total number of people currently living 
in a specific country who were born abroad 
is counted every five or ten years. The change 
over this period gives the net migration to or 
from a given country. 

Estimating migration from these data has 
at least two major issues. First, it assumes that 

migration means people simply leave one 
country and arrive in another, even though 
migrants often pass through other places 
before reaching their ultimate destination2. 
In other words, focusing solely on the country 
of origin might obscure the true paths that 
migrants take. Second, looking across five- or 
ten-year intervals inevitably smooths migra-
tion rates, making it difficult to distinguish 
gradual increases from sudden shocks, such 
as flows in the past few years that have been 
driven by the war in Ukraine and hurricanes 
in Central America. For scholars and policy-
makers interested in identifying the causes 
of migration — and perhaps even predicting 
future flows — these limitations are substantial.

To address these issues, Gaskin and Abel 
have compiled a detailed origin–destination 
data set that estimates annual migration 
between 230 countries and regions from 1990 
to 2023. They built this data set by training a 
deep recurrent neural network on UN stock 
data; intra-European flow data from the 
European Union-funded QuantMig database; 
national immigration statistics from Sweden, 
New Zealand and Finland; and anonymized, 
aggregated Facebook location data from 
181 countries. To bound their estimates, the 
authors also trained their neural network on 
a set of geographical, economic, cultural and 
political variables that are known to correlate 
with migration flows.

This effort produces estimates of human 
migration with unprecedented global 
coverage, providing figures on bilateral 
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Figure 1 | Migration flows in sub-Saharan Africa.  The deep-learning  
migration model created by Gaskin and Abel3 uses data from several  
sources to estimate annual migration patterns between 230 countries and  
regions since 1990. a, A snapshot of migration in sub-Saharan Africa in  
2014 shows flows between countries caused by civil conflicts in South  
Sudan, the Central African Republic, Burkina Faso and the Democratic  

Republic of the Congo. (For simplicity, only flows of more than 5,000 people 
 are shown.) b, The model predictions (blue line with error bands shown in 
lighter blue) also provide an estimate of migration flows over time, which 
fill gaps in data collated in individual years by the United Nations High 
Commissioner for Refugees (yellow) and the UN Department of Economic  
and Social Affairs (red). (Adapted from Fig. 4 of ref. 3.)
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flows between every country in the world for 
every year in the study period. In addition to 
information on the size of the flows, Gaskin 
and Abel provide certainty estimates, offer-
ing insights into which countries the data are 
most reliable for and which figures should be 
treated with greater caution.

Modelling work of this scope and scale holds 
great promise. Scientific work in the field of 
migration relies heavily on data collected by 
governments and international organizations. 
Collecting new data, especially in places that 
are inaccessible or do not have adequate infra-
structure, is expensive, time-consuming and 
can even be dangerous. Inevitably, research 
follows the data that exist. In general, the 
scientific community produces more research 
on migration to and from high-income coun-
tries, leaving the sizable flows occurring 
elsewhere5 unexamined. 

The limited scope of this research has con-
tributed to popular depictions of migration as 
something that happens only to high-income 
countries, rather than as a complex web of 
human movement — with intermediate stops 
and cycles of return — that affects all parts 
of the world2. Gaskin and Abel’s data could 
offer a necessary correction to this scholarly 
tendency. Furthermore, their development 
of a methodology to generate migration 
estimates quickly will ensure that the under-
lying data gap diminishes.

Nevertheless, great promise is not the same 
as fresh insight. As with many new tools, one 
question that remains unanswered is how 
useful this method will be for producing new 
empirical understanding. Gaskin and Abel 
draw attention to migration flows that are 
already well understood, even if they were less 

precisely measured. Examples highlighted in 
their work include migration events during 
civil wars in African countries, including 
Rwanda, the Democratic Republic of the 
Congo, the Central African Republic, Sudan 
and South Sudan (Fig. 1); migration from South 
Asia to the Middle East; and Mexican immigra-
tion to the United States. Gaskin and Abel’s 
innovative method unquestionably increases 
the resolution with which these migration 
flows can be seen. But as is also apparent 
with the growing ubiquity of high-definition 
screens, higher resolution does not always 
yield a clearer picture. 

The ultimate test of the utility of this data set 
will be how many new patterns and trends are 
identified from it. To maximize its impact, the 
data set needs to be made available in a format 
that is easily accessible to and digestible for 
policymakers and the general public, not just 
researchers. Moreover, it needs to be updated 
regularly to provide fine-grained temporal 
snapshots of bilateral migration flows. Refine-
ments to neural-network training methods, 
such as using higher-quality, higher-resolution 
and more-comprehensive data will improve 
the precision of current estimates. 

Such improvements depend on two factors. 
First, continued research investments in 
global-migration data collections that crea-
tively combine several data sources to enhance 
temporal coverage and spatial resolution are 
crucial. Such sources could include adminis-
trative data, national censuses, global surveys, 
satellite imagery and online sources such as 
Facebook, which have been the basis for pre-
vious work6–8. These investments will vastly 
improve data quality in countries outside 
Europe and North America, where migration 

has accelerated5. Second, there will need to 
be investment in data standardization and 
harmonization to ensure precise compari-
sons across countries and regions. That will 
introduce conceptual challenges that extend 
beyond statistical or mathematical models1, 
such as inconsistency in what counts as a 
migration event. Complications are also intro-
duced by the various legal classifications of 
migrants as, for example, refugees, asylum 
seekers and climate migrants. 

Gaskin and Abel’s method provides a strong 
foundation for making these refinements, and 
for producing a robust picture of the changing 
patterns of human movements that can inform 
approaches to migration in the future.
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Deep learning four decades of human 
migration

Thomas Gaskin1,2 ✉ & Guy J. Abel3,4 ✉

Human migration is a fundamental driver of global demographic change, shaping 
population structure, labour markets and social policy across countries1–3. Although 
long-term migration patterns are often linked to economic development4, they can 
shift rapidly in response to shocks such as conflict, environmental crises and political 
change5. Despite its importance, migration remains difficult to measure consistently: 
existing data are sparse, concentrated in high-income settings and are fragmented 
across incompatible definitions, temporal resolutions and data types6–8. Past  
efforts have relied on partial datasets, including flow records, stock estimates and 
model-based reconstructions with limited coverage9–14. A central challenge is therefore 
to construct a globally consistent, high-resolution account of migration flows over 
time. Here we present a new dataset of annual origin-destination migration across  
230 countries and regions from 1990 to the present, integrating diverse data sources 
into a unified modelling framework. By combining official statistics, census-based 
stocks, net migration estimates and past flow reconstructions, our approach produces 
temporally detailed and spatially comprehensive estimates that substantially extend 
existing resources. Using an ensemble of deep recurrent neural networks informed by 
geographic, economic, cultural and political covariates, we capture both persistent 
trends and short-term responses to changing conditions—all while propagating 
uncertainty to generate confidence bounds. Our results outperform existing five- 
year flow estimates on held-out data and provide finer temporal resolution, revealing 
previously obscured dynamics in global migration patterns. This framework highlights 
regions in which uncertainty remains high and data collection is most urgently needed. 
By releasing all data, code and trained models, we provide a transparent and 
reproducible foundation for future work. These advances enable a more timely and 
detailed understanding of human mobility, with implications for research and policy 
in an increasingly dynamic global system.

The movement of people—within countries and between them—is an 
important topic across multiple domains. Migration drives demo-
graphic change, shaping the size and composition of populations; it can 
influence labour markets1, inform social policy2 and is a popular topic 
for public debate3. Although migration often follows long-term trends 
driven by development4, it can be dramatically altered by short-term 
shocks—armed conflict, famine, natural disasters, political instabil-
ity, changes in national borders, peace agreements or independence 
movements5.

Human migration, however, is notoriously difficult to define and 
track6. Current analyses of global migration systems rely heavily on 
migrant population data published at five-year intervals by the United 
Nations (UN) and at ten-year intervals by the World Bank. These datasets 
provide counts of migrants in each country by country of birth, typi-
cally referred to as stock data. Although relatively straightforward to 

collect, they offer only a snapshot at a fixed point in time and provide 
limited insight into the temporal dynamics of migration: migrants 
may have arrived immediately before the observation point or several 
decades earlier. To better capture migration dynamics, researchers 
have developed methods that estimate migration flows over multi-year 
periods by comparing changes in migrant stocks at the beginning and 
end of each interval9. However, as these estimates are tied to gaps in 
the underlying stock data, the resulting five- or ten-year estimates 
inevitably smooth or completely miss movements that occur in the 
intervening years. What researchers on global migration ideally need 
are annual flow data for all countries. Such data would allow them to 
track the tempo of migration systems with far greater precision, inte-
grate migration patterns with other annually reported datasets on 
drivers such as economic change, conflict, climate or policy reforms, 
feed into annual population projection models, and facilitate both 
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causal and comparative analyses across countries and regions. Yet 
existing annual migration flow data are predominantly available only 
from high-income Western countries with the statistical infrastructure 
to monitor migration. Such data only cover a small share of the global 
migration system7,8 (Fig. 1a) and reinforce a receiving-country bias in 
global migration research15.

In countries in which migration flow statistics are published, the 
definitions of what constitutes a migration event are determined by 
criteria designed to meet domestic policy needs16,17, which can bias 
comparative analyses. Although the UN recommends a twelve-month 
threshold18, where anyone relocating for the majority of a year or more 
qualifies as a migrant, this definition is not applied consistently. Some 
countries such as Germany mandate residential registration, requir-
ing migrants to report their country of origin upon arrival. Others, 
such as the UK, rely on visa records, administrative data and, until 
recently, passenger surveys. A third common approach uses border 
entry statistics collected by immigration authorities. Each method 
has limitations: registration systems typically undercount emigra-
tion, as few individuals de-register when leaving; passenger surveys 
and border data are not comprehensive and may conflate short- and 
long-term travellers. As a result, estimates from sending and receiv-
ing countries often diverge markedly. For instance, in 2005 Germany 
reported 160,000 arrivals from Poland, whereas Poland recorded only 
12,300 departures to Germany (Fig. 1b). In Europe, to reconcile such 
discrepancies, statistical demographers have developed models to 
estimate bilateral migration flows between countries. The most recent 
study, the QuantMig project10,11, made use of a Bayesian framework 
alongside expert insights to estimate bilateral migration flows for 30 

European countries from 2009 to 2019. This produced a harmonized 
dataset, revealing substantial uncertainty—in some cases, with cred-
ible intervals spanning over 100%. Given the dearth of migration flow 
statistics available to monitor many major migration corridors between 
developing countries, this approach does not easily generalize to a 
global environment. Labour migration data represent another impor-
tant source19, as migrant workers often make up a substantial share of 
international movers. However, here too definitions and data standards 
vary widely between countries20, and undocumented migration—by its 
very nature—remains largely invisible to official statistics.

A recent study attempted to bypass official data sources for monitor-
ing global migration flows by analysing digital traces21. By monitoring 
changes in aggregated, anonymized monthly Facebook location data to 
estimate bilateral flows among 181 countries between 2019 and 2022, 
the study captured, for example, the displacement of Ukrainians follow-
ing the Russian invasion, the Venezuelan migration crisis and altered 
migration patterns during the pandemic. The digital traces from more 
than three billion users were weighted to represent population-level 
migration flows, accounting for differences in Facebook usage and 
economic development along each corridor, and calibrated against 
official migration statistics in selected countries. These data provide, 
for the first time, a near-global direct estimate of migration flows.

One macroindicator that many countries are interested in estimat-
ing is the net migration—that is, the balance of immigration and emi-
gration. A small number of countries publish net migration figures, 
estimated from immigration and border statistics (Supplementary 
Fig. 1), whereas on a global scale, the UN Department of Economic and 
Social Affairs (UN DESA) provides figures from 1950 onwards in its 
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Fig. 1 | Availability of flow data across global migration corridors. a, Fraction 
of corridors that have reported flow values in the 1990–2020 period by any of 
the validation datasets used in this work7,66–69. Statistics for both origin- and 
birth-destination corridors are shown; these are further disaggregated by 
corridors for which neither, only one of, or both the sending and the receiving 
country has reported figures. b, Migration flow estimates based on domicile 
registration (usually with a local authority) are available for a small number  
of countries, but the discrepancies can be large: estimates of flows—based on 
registrations of people arriving from Poland as reported by German authorities 
(red) and de-registrations of people leaving Poland for Germany, as reported by 

Polish authorities (blue)7—are shown. The harmonized QuantMig estimates 
(orange; error bands show the 97.5% quantile) and the recent digital-trace 
estimates based on Facebook data are also shown. c, Various estimates of the 
net migration for France, such as those from the UN Population Division’s 
World Population Prospects (2024 Revision), the US Census Bureau (USCB)’s 
International Dataset70, and the French National Institute of Statistics and 
Economic Studies (INSEE)71. d, UN DESA estimates of the migrant stock of 
Somalians in Ethiopia, which do not agree across revisions. In some cases, they 
are based on refugee data figures from the UNHCR72.



Nature  |  www.nature.com  |  3

World Population Prospects (WPP) reports. These are primarily based 
on demographic estimates rather than migration statistics. As births 
and deaths are more widely and consistently tracked than migration 
figures, in principle the net migration can be estimated by subtracting 
the natural change (births minus deaths) from the total population 
change. Although this approach is theoretically sound, in practice 
it is hindered by irregularities in measuring the total population and 
its change over time, which are sensitive to inconsistencies in census 
methodology. Consequently, demographic net migration estimates can 
differ noticeably from migration-based statistics, even for countries 
whose population data are of high quality (Fig. 1c).

Here we combine deep learning with a mechanistic flow model to 
estimate annual bilateral migration flows in the 1990–2023 period 
between all 230 countries and regions recognized by the UN. Our data 
are disaggregated by country of birth, meaning that, aside from the 
flows and the net migration for each country, we also obtain a complete 
dataset of annual migrant stocks, that is, the number of migrants Sbj(t) 
born in country b residing in country j in year t. A deep neural network 
is trained on an extensive set of socio-economic and cultural covariates 
for each country (Extended Data Table 1), allowing us to disentangle 
the drivers of migration and opening the door to future forecasting of 
migration flows. The network is trained to match a set of target data, 
comprising the UN DESA migrant stocks22, Facebook data, as well as 
a small number of predominantly European bilateral flows and net 
migration data. The target data are used to construct a loss function, 
which is iteratively minimized during training23,24. The loss function 
quantifies the mismatch between predictions and targets, and is an 
objective that the neural network seeks to minimize by following the 
loss gradient, or direction of steepest descent. Once trained, the neural 
network acts as a function mapping input covariates to migration flows 
(Extended Data Fig. 1). By training a family of neural networks and fur-
ther ‘pushing’ the uncertainty on the input data through the network, 
our approach also enables uncertainty quantification, allowing us to 
pinpoint the countries in which data are inconsistent and collection 
should be improved.

This marks a paradigm shift for the computational toolset hitherto 
used to model global migration. Most past techniques have relied 
solely on migrant stock data published by UN DESA, which provides 
estimates at five-year intervals from 1990 (Fig. 1d). The simplest estima-
tion techniques are based on stock differencing9 and assume that the 
bilateral flow Fij is equal to the difference in stocks Sbj(t + 1) − Sbj(t) with 
b = i. Negative differences are either dropped (meaning zero flow)25,26 
or counted towards flows in the opposite direction27. The simplify-
ing assumption here is that bilateral migration flows only take place 
from a person’s country of birth to a destination; that is, the stock of 
Swedes in the UK changes only due to Swedish people arriving from 
and returning to Sweden; but not due to Swedish people arriving from, 
say, Norway. To account for this, a more sophisticated array of so-called 
demographic accounting methods were proposed12–14. These attempt 
to infer a three-dimensional flow matrix Tbij, with each entry modelling 
the flow of people born in b moving from i to j, allowing for greater 
flexibility, but also greatly increasing the number of parameters to be 
estimated. The flow table is constrained such that its estimates repro-
duce the stock differences. These are typically first adjusted to account 
for births and deaths, whereby the estimated flow reproduces only the 
change in stocks not caused by demographic change.

Stock-based flow estimation approaches all take the stock data at 
face value; they are also unable to increase the temporal resolution 
of the estimates, and have thus far only yielded five- or ten-year flows 
(the resolution of the UN DESA or World Bank data). An alternative 
is the use of gravity models28, broadly taken to refer to any type of 
regression-based approach that relates the flow to a set of covariates 
χ. These models can, in principle, capture flows at any resolution, pro-
vided the covariates are of sufficient quality and are suitably chosen; 
however, they tend to perform poorly when modelling migration29, 

even with a large and sophisticated set of covariates. The fundamental 
problem when modelling migration as 

T t f χ tlog ( ) = ( ( ))bij bij

is that it represents humans as Markovian, acting only on the basis of the 
current state of the world with no regard to the past. This may be war-
ranted when considering the response to a sudden, cataclysmic event, 
but is hardly reasonable when incorporating long-term, macro-level 
political, economic or social indicators. The decision to leave is, in most 
cases, not merely predicated on the current economic climate: crises 
from past years can influence a person’s decision, due to a multitude of 
delayed effects and complex feedback loops. Any model that does not 
account for the system’s memory will thus fail to accurately reproduce, 
let alone explain, the temporal and spatial variance in human migra-
tion. Here we use a recurrent neural network30,31, which implements a 
form of ‘memory’ by maintaining a ‘hidden’ or ‘latent’ state z(t) that 
changes over time. This allows the network to selectively retain past 
information using a dynamic filter and learn temporal correlation pat-
terns of varying length. The latent state incorporates past dynamics 
to inform the flows of today without assuming temporal stationarity 
in migration flows, which are typically unstable32.

In recent years there has been a steep increase in the application of 
machine learning methods to predict and explain human migration 
and mobility patterns33–35. Studies have applied machine learning meth-
ods, including deep learning approaches, in a multitude of settings. 
Most applications have been developed to address commuting and 
mobility patterns within cities, regions and countries36–40. Modelling 
efforts in migration research have largely focused on internal moves 
within countries41–43, including analyses of climatic and environmen-
tal drivers of mobility44–47, as well as forecasting asylum seeking and 
irregular international migration into predominantly high-income 
Western states48,49. Unlike in the global migration data setting, move-
ment response variables in this recent literature have been derived 
from a single source, where the challenges of combining measures 
and the problems of missing or inconsistent data across multiple 
origin-destination corridors are absent. Furthermore, rather than 
quantifying the scale and patterns of international migration at the 
global level, the focus of these studies has been on providing superior 
extrapolatory predictions to classic modelling approaches or on help-
ing detect possible linkages between covariate factors and mobility or 
migration in data-rich settings.

The article is structured as follows: first, we present the estimation 
results, showcasing the data on a selection of case studies. We validate 
our method’s performance on test data of unseen flows and compare 
it with a selection of standard methods discussed above. The inference 
method is presented in detail in the Methods. We denote the stock 
estimates as S, the flows disaggregated by birth as T, the total 
origin-destination flows as F and the net migration as M. For notational 
clarity, we will omit the time argument wherever possible. Estimated 
quantities will be denoted by a hat, for example, M.

A global map of migration
Our estimates reveal that, since 2000, global migration movements 
have risen from 13 million people annually to around 35 million in 2023 
(Fig. 2a). This trend is not explained by a rising global population, as 
per-capita migration saw a similarly steady increase from 0.2% in 2000 
to 0.45% in 2023 (Extended Data Fig. 2). Since the turn of the millennium, 
total global migration has only seen two periods of sustained decrease: 
during the Great Recession in 2008 to 2009, and during the COVID-19 
pandemic in 2020. The largest single-year event we registered is the 
1994 movement of people from Rwanda to the Democratic Repub-
lic of the Congo, totalling almost 950,000. Globally, the Middle East 
experienced the highest total inflow of migrants, chiefly from South 



4  |  Nature  |  www.nature.com

Article

Asia and the Philippines, with immigration from Bangladesh to Saudi 
Arabia alone averaging around 300,000 people per year from 2010 
onwards (Fig. 2c). We estimate that, since 2010, a total of 19 million 
people, averaging 1.35 million per year, migrated from India, Pakistan 
and Bangladesh to Saudi Arabia, Qatar, Bahrain and the UAE—this  
compares to 13.6 million movements from Mexico to the USA over the 
entire period since 1990.

Europe consistently ranks as the region with the highest volume of 
intraregional migration, surpassed only once by sub-Saharan Africa in 
the early 1990s during the Rwandan civil war (Extended Data Fig. 3). 
Pre-2020, gross flows in Europe reached around three million people 
annually, having steadily increased during the 2000s and 2010s follow-
ing the eastward expansion of the EU and the Schengen region. Flows 
from Eastern to Western Europe since 1990 total around 20 million, or 

600,000 per year. Figure 3 shows a snapshot of intra-European flows 
in 1991, following the collapse of the Soviet Union, colour-coded by 
country of birth. In that year, by our estimates, intra-European flows 
reached about 2.02 million people, of which 807,000 alone were of 
people born in Poland, Russia, Ukraine and Romania. The largest move-
ments took place between Ukraine and Russia, Kazakhstan and Russia, 
and into Germany. During this time, we see high levels of return migra-
tion (bidirectional movement), as some sought to return to their coun-
try of birth, whereas others relocated abroad in search of economic 
opportunity. Figure 3b shows the flow estimates F for a selection  
of corridors, alongside values from the various datasets used to train 
the neural network. Our estimates match not only the data, but also  
the uncertainty on the QuantMig values exceedingly well (refer  
below the discussion on uncertainty quantification).
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Migration in the Global South
Europe is perhaps the region with the least need for a detailed analysis of 
migratory patterns, given that data are (relatively) plentiful. The value 
of our dataset lies primarily in what it tells us about movements in other 
parts of the world, especially the Global South. In the mid-2010s, for 
instance, sub-Saharan Africa saw several large-scale migration events. 
Civil war raged in the newly independent country of South Sudan from 
2013 onwards, causing a large exodus into neighbouring Ethiopia 
(Fig. 4). The UN High Commissioner for Refugees (UNHCR) classifies 
the entire migrant population of South Sudanese in Ethiopia as refu-
gees. Violence also erupted in West Africa, with the jihadist group Boko 
Haram starting an armed insurgency against the Nigerian government 
in 2009, and dramatically escalating its attacks in 2014, including by 
abducting nearly 300 young women from a school50,51. In 2013 to 2014 
alone, we estimate that around 79,000 persons born in Nigeria moved 
or fled to neighbouring Chad, Niger, Cameroon—the majority of whom 
moved (45,000) to Niger. From 2009 to 2019, we estimate an outflow 

of Nigerian-born persons to these three countries of 250,000 with a 
s.d. of 31,000. This figure is dwarfed by the International Organization 
for Migration (IOM) estimate of around 2.4 million internally displaced 
people as a consequence of the violence52. Meanwhile, the ongoing 
civil war in the Central African Republic led to a continuous outflow to 
neighbouring Cameroon, Democratic Republic of the Congo and Chad.

Revising the UN figures
In Fig. 5a we show the net migration figures M for selected countries 
alongside the estimates MWPP from the 2024 WPP report53. Our dataset 
provides a valuable correction to these figures, which, as mentioned 
in the introduction, are calculated from demographic residuals rather 
than migration statistics: 

t t t t t( ) = Δ ( ) − ( ( ) − ( )) ( ),WPPM P β γ P

with P(t) the total population, and β and γ the crude birth and death 
rates, respectively. The variation in the WPP figures is often caused by 
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anomalies in the population figures, which strongly affect the change in 
population ΔP and cause, for instance, Vietnam’s net migration to spike 
at approximately 2008, only to then fall back to zero in 2010. Although 
the UN figures would suggest positive migrant inflow to Russia since 
1995, our estimates show that, in fact, Russian net migration turned 
negative around 2005—a trend only reversed by the displacement of 
Ukrainians in 2022.

Meaningful uncertainty quantification
In Fig. 5b we show the correlation between our net migration figures and 
the most recent WPP estimates53. We see a strong positive correlation 
across the The Organisation for Economic Co-operation and Develop-
ment (OECD; this is unsurprising as these countries make up much of 
the target data), as well as across parts of the African continent and 
Central Asia. Our estimates of Indian net migration broadly follow the 
WPP trend, but are less erratic; the exodus of workers to the Gulf states, 

commencing in 2003, is clearly visible. The net migration estimates 
for Nigeria, meanwhile, are among the most uncertain of our model 
predictions: in Fig. 5c we show the median relative error (s.d. over mean 
estimate) for all countries, noting that for Africa, especially sub-Saharan 
Africa, the uncertainty on the net migration is among the highest in the 
world. By contrast, uncertainty is relatively lower for European and other 
rich Western countries, owing to greater availability and higher qual-
ity of data as well as more stable migration regimes. The pronounced 
regional heterogeneity in uncertainty highlights the importance of 
improving data collection in under-resourced settings as a prerequisite 
for more precise migration estimates (Supplementary Fig. 6).

Testing and validation
We validate our approach by testing how well the neural network can 
reproduce unseen data (the test data) using fivefold cross-validation: we 
split the flow corridors into five equally large sets, and train five randomly 
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initialized networks on each set of four folds, using the last fold as the test 
set. Following a previous work9, we chiefly assess performance through 
correlation metrics rather than mean errors. This allows for meaningful 
comparisons across datasets with inconsistent migration definitions 
and accommodates possible constant biases in our estimates. Figure 6a 
shows that the neural network achieves 94% correlation on the training 
data, and 73% correlation on the test flows, with only a 4% increase in 
median relative error (recall that many flows come with considerable 
uncertainty, and can be small in magnitude, so such a high relative error 
is not surprising: after all, an estimate of ten for a flow value of five rep-
resents a 100% relative error). Although this is the correlation across 
the entire dataset, we can also examine the distribution of correlations 
along each corridor (Fig. 6b), finding that the neural network generally 
matches the correlation distributions of the training data on the test 
set. In Fig. 6c we compare the estimated uncertainty of our model with 
that on the QuantMig data for Europe, as well as our estimates of the 
stock uncertainty with global coverage. The predicted uncertainty on 
the flows matches the QuantMig values well, while producing generally 
higher levels of uncertainty on the stocks than obtained through the 
demographic accounting procedure outlined in the Methods.

We conducted further experiments to assess whether extensive 
migration data from high-income countries bias the inference of global 
flows (refer to Supplementary Fig. 23 and the discussion from there 
onwards). Approximately 20% of the training data consist of flows 
originating from or directed to Europe or New Zealand (Supplementary 
Fig. 6). When this subset was withheld, predictions for other regions 
remained stable, indicating that the model does not transfer dynamics 

specific to highly developed regions to the rest of the world. To examine 
whether temporal coverage induces region-specific path dependencies, 
we withheld all observations after 2015; the predictions in developing 
regions showed no significant change (Supplementary Fig. 23E).

We further validate the neural predictions on an additional dataset 
of unseen bilateral flows and compare their performance with those 
of the various stock-based approaches outlined in the introduction. 
The datasets and evaluation metrics are summarized in the Methods 
and refs. 9,54, and broadly comprised bilateral origin- or birth place- 
destination flows for a small number of (mostly Western) countries. 
The neural network estimates significantly outperform all other 
stock-based methods (Extended Data Figs. 4–6); the only exceptions are 
the UN WPP net migration estimates, where the demographic account-
ing methods, by design, show a perfect correlation of 1; however, given 
the methodological issues related to the UN WPP net migration esti-
mates, this is not necessarily desirable.

Finally, we are interested in gauging how sensitive the model is to 
the various input covariates. To this end, we calculate the elasticity ν 
of each neural network in the ensemble along every covariate dimen-
sion, that is, the relative change induced in Tbij ≡ T by a relative change 
in the kth covariate: 

ν
χ

T
T
χ

T
χ
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∂
∂

=
∂log
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Extended Data Fig. 7 shows that, on average, the model predictions 
are most sensitive to changes in the life expectancy and mortality rates, 
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presumably as these act as proxies for a country’s (relative) quality of 
life. Of the economic covariates, gross domestic product (GDP) per 
capita is the most determinant; religious similarity seems more deter-
minant than linguistic similarity, and data on conflict and refugee stocks 
are the least determinant.

Discussion
Data on human movement are notoriously unreliable, noisy and—
crucially—absent for large parts of the world. Our work substantially 
increases both the spatial and temporal resolution of existing migration 
estimates. We provide a complete set of annual migrant stock values, 
net migration figures for each country, and bilateral flows disaggre-
gated by country of birth. Reliable migration data are essential to social 
scientists seeking to establish links between migration and economic 
or societal outcomes; to epidemiologists, for tracing the dynamics 
of infectious disease spread; and to demographers, for producing 
robust population projections. Our dataset—alongside the supplemen-
tary training data, including real GDP estimates for 230 countries and  
territories—offers a valuable new resource. More importantly, this study 
lays the groundwork for tackling the next frontiers in global migration 
modelling. One emerging direction is the shift from national-level 
flows to more geographically granular models. Many of the largest 
population movements occur in countries rather than across borders55. 
Replacing countries with a finer spatial grid as the unit of analysis would 
represent a major advance in statistical demography. Our framework is 

well suited to support this shift. A recent high-resolution demographic 
dataset at a 10-km2 scale was released56 and could be used to train such 
a model. A similar recurrent architecture would be needed to capture 
spatial correlations, allowing outflows from one cell to influence move-
ments in distant neighbouring areas. As demonstrated, deep neural net-
works are well equipped to learn such long-range dependencies in both 
space and time—including via more advanced transformer and graph 
neural network architectures57,58. These models may further enhance 
our method’s capacity in settings with complex spatial structure.

As we have shown, machine learning allows for the integration 
of multiple migration data sources and indicators when estimating 
global migration. Combining data improves the robustness of migra-
tion estimates by leveraging the strengths of both traditional and 
digital-trace-based sources. Covariate information helps to supplement 
estimates, particularly where migration data are sparse. Consistent 
with the migration-development nexus literature, we find our esti-
mates to be more sensitive to slower-moving development measures 
shaping long-term migration opportunities and constraints59,60. By 
contrast, more rapidly varying factors such as refugee numbers and 
conflict indicators seem less determinant at the global scale, probably 
because their effects are concentrated in a limited number of corridors 
rather than exerting broad influence across countries. Deep learning 
models also capture complex nonlinearities and threshold effects, 
which can incorporate human system responses to as-yet-unforeseen 
events, such as climate shocks or emerging conflicts in previously 
stable regions. Our annual estimates provide a richer empirical basis 
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Nature  |  www.nature.com  |  9

for global migration than currently available, align with the UN’s 
move to single-year demographic estimates61, and respond to calls 
for more temporally granular migration data suitable for integration 
into climate-modelling frameworks62 and to support evidence-based 
policymaking63. We note that all estimates presented here are synthetic 
outputs of a neural network ensemble, and are never derived by direct 
aggregation of individual-level records. As such, they do not carry 
identifying information about any individual, including persons with 
irregular migration status, even for small flow values where aggregate 
statistics can in principle raise disclosure concerns. Our method learns 
broad statistical relationships between macroeconomic, demographic 
and geographic covariates and observed migration patterns; it cannot 
be used to infer the status, identity, or location of any individual. We 
nonetheless recognize that improved estimates of migration flows 
could in principle inform enforcement or border policy, and encourage 
users of this data to engage with established ethical frameworks for 
migration data use, including the Inter-Agency Standing Committee 
(IASC) Operational Guidance on Data Responsibility in Humanitarian 
Action64 and IOM’s Framework for the Ethical Use of Advanced Data 
Science Methods in the Humanitarian Sector65.

Online content
Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions 
and competing interests; and statements of data and code availability 
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Methods

Quantifying global migration
Current methods for estimating global migration rely on relatively 
straightforward techniques compared with the advanced computa-
tional approaches adopted in recent years for predicting and explaining 
human migration and mobility. Estimates of global migrant population 
stocks, by country of birth and country of residence, are derived from 
official statistics on foreign-born or foreign populations, with simple 
interpolation across census years and imputation when data are missing 
or inconsistent, using regional averages, demographic assumptions or 
alignment with changes in the population totals22.

The availability of migration flow data is much more limited than 
that on migrant stocks. Countries that publish migration statistics 
tend to have well-developed statistical infrastructure for monitoring 
population movements located in rich, developed settings. The scale 
of migration flows occurring between developing countries and to and 
from some of the world’s most populous nations is often unknown. 
Consequently, to estimate origin-destination migration flows at the 
global level, indirect methods have been developed based on changes 
in global migrant stock estimates. These methods were reviewed in a 
previous work9, alongside a systematic comparison. They identified 
six methods, grouping them into three classes.

The first class comprises two stock-differencing approaches, which 
treat changes in bilateral migrant stocks between census rounds as 
flows. Negative differences are either set to zero or interpreted as 
return migration. The second class is a migration-rate approach, which 
derives transition rates directly from a single stock table by dividing 
each off-diagonal stock count by the global foreign-born population. 
These rates are then scaled by an approximation of the total number 
of global flows, calculated as the sum of absolute net migration flows.

The third class includes three demographic accounting methods, 
which reconcile changes in birth-place-destination stocks, total popu-
lation, births and deaths with estimated origin-destination flows. In 
this framework, adjusted stock tables at the beginning and end of the 
period are used to define outflow and inflow margins. These margins 
are then arranged into a three-way array of origin, destination and 
birthplace flows. Missing values in this array are imputed so that the 
reconstructed flow table matches the stock-based margin totals. To 
achieve this, an iterative proportional fitting algorithm, adapted from 
a past work73, is applied to adjust the cell values until the row, column 
and diagonal constraints are satisfied. Variants of this framework differ 
in whether inconsistencies in inflow and outflow margins are absorbed 
into an open demographic system by introducing a residual category12 
or resolved in a closed demographic system by scaling adjusted stock 
tables to enforce consistency13. A further extension combines two impu-
tation strategies within the closed demographic accounting system 
by weighting alternative treatments of the diagonal cells in the array 
that represent non-migrants14. The first imputation sets the diago-
nals to their maximum feasible values, whereas the second applies an 
independent log-linear fit that relaxes this constraint. The final flow 
estimates are obtained as a weighted average of the two imputations, 
with weights calibrated against harmonized European migration flow 
data. Although each method has trade-offs, the weighted demographic 
accounting approach produced estimates that were most consistent 
with reported flow statistics in countries with official data9.

All applications of these indirect methods are constrained by the 
temporal spacing of the available migrant stock data, typically five-year 
intervals, and by errors or inconsistencies in the underlying stock sta-
tistics. As a result, the estimated flows inherit the limitations of the 
stock data, including inaccuracies in imputations by UN DESA or other 
agencies, which can affect both the precision and comparability of 
global migration flow estimates. Moreover, these methods make use 
of very limited covariate information—only allowing information via a 
single variable for the seed values of the iterative proportional fitting 

procedure, which has minimal impact—further restricting their ability 
to capture corridor-specific dynamics or explanatory factors.

More recently, direct estimates of global migration flows have been 
produced using large-scale online data sources21 (discussed above). 
The estimates represent a substantial advance over indirect methods, 
as they are based on observed movements, provide higher tempo-
ral resolution, and avoid relying solely on changes in migrant stock 
data. However, the data cover only a limited number of years, omit 
several important countries, and will not be updated, restricting their 
long-term utility.

Recurrent neural network approach to quantifying global 
migration
Demographic account for global migration estimation. UN DESA 
provides estimates of global migrant stock Sbi(t), that is, the num-
ber of people born in country b living in country i at time t (ref. 22). 
These data are given at five-year intervals from 1990 to 2020, as well 
as a recent estimate for 2024. The stocks evolve deterministically  
according to the equation 

� ��� ��� � ���� ���� � �������� ��������
∑S t δ B t γ t S t T T t∂ ( ) = ( ) − ( ) ( ) + ( − )( ) ,

(2)t bi bi i i bi j bji bij

births deaths migration

where Bi and γi are, respectively, the total number of births and the mor-
tality rate of the country of residence, and δbi is the Kronecker matrix 

δ
b i

=
1, if = ,
0, else.

(3)bi




The first term in equation (2) simply means that all births in a coun-
try increase the native-born stock Sii; the second models population 
decrease due to deaths; the third models the change in stocks due to 
migration. Tbij is the flow of migrants born in b from country i to j, and 
is the quantity we wish to infer. The total flow of people from i to j, 
regardless of their place of birth, is of course then given by 

∑F T= , (4)ij
b

bij

while a country’s net migration (arrivals minus departures) is 

M ∑ F F= − . (5)i
j

ji ij

Target data. Aside from the stock data, there are numerous datasets 
of partial observations of the flow F and the net migration M to which 
we could constrain our estimate T , although, as mentioned in the in-
troduction, these do not always use consistent definitions of a migra-
tion event. The UN DESA World Population Prospects dataset53 and the 
US Census Bureau International Database70 both provide estimates of 
annual net migration for all countries from 1950 to 2024. These figures 
are mainly calculated as the residual between the total change in pop-
ulation and natural growth (births minus deaths), and for most coun-
tries, they are not derived from immigration statistics; we thus do not 
include them as target variables. Instead, we use net annual migration 
statistics from around 30 countries and territories in Europe, North 
America, Oceania and East Asia, sourced from national statistical bu-
reaus (Supplementary Information).

Observations of total origin-destination flows F are taken mainly 
from five sources, which all use a one-year definition of migration flows:
•	 Harmonized intra-European flows: the QuantMig database10,11 pro-

vides probabilistic estimates of migration flows between 30 countries 
in Europe from 2009 to 2019, and is based on publicly available Euro-
stat data. These have been harmonized to use a common definition 
of migration, and also provide uncertainty estimates, which we use 
to weight the target data points in the loss function used to train the 
neural network (see below).
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•	 National immigration statistics from Sweden, New Zealand and Fin-

land74–76: all three countries report total annual in- and out-flows by 
origin and destination.

•	 Facebook data21: estimates of annual bilateral migration flows 
between 181 countries from 2019 to 2022 from an analysis of online 
social media data. We only include annual flows of at least 25 people, 
as noise was added by the authors to prevent data disclosure, which 
distorts small values.

Target values are prioritized in this order, meaning that if two data-
sets both contain values for the same origin–destination pair, we use 
the source furthest up in the list.

Input covariates. Each value Tbij is a flow through a network multi-edge 
connecting the birth country b, the origin i and destination j. We train 
a deep neural network to learn a mapping ↦ t T tχχ ( ) ( )bij bij , where χ is a 
vector of economic, social and geographic covariates pertaining to the 
three connected countries (Extended Data Fig. 1a). In the following we 
give a summary of the covariates used (refer to Extended Data Table 1 
for an overview, and the Supplementary Information for further details).
Demographic covariates. For each country b, i, j, we include the total 
population and life expectancies; for the origin and destination coun-
tries, we also include birth and death rates, all taken from the UN WPP 
dataset53.
Economic covariates. For each country b, i, j, we include annual real GDP 
per capita (in constant 2015 US dollars) and annual GDP growth rate 
(in per cent). Data are taken from the World Bank, UN Conference on 
Trade and Development, the International Monetary Fund (IMF)77–80, 
as well as national statistical bureaus. Missing values are calculated by 
deflating nominal to real GDP using the World Bank deflator; where 
the deflator is not given, we estimate the deflator from neighbouring 
or similar nations. Gaps are also filled by calculating the GDP growth 
rate from the Maddison Project dataset81,82, which provides GDP in con-
stant 2011 purchasing power parity. The growth rates are then used to 
extrapolate GDP back or forward in time. We also input bilateral trade 
flows between origin and destination, given in real 2015 US dollars. 
These are mostly taken from the harmonized BACI dataset83,84, and 
missing values are again extrapolated using the growth rates from the 
UN Comtrade and IMF Direction of Trade datasets85.
Geographic, cultural, and political covariates. Religious and linguistic 
proximity—measuring the extent of overlap in religious affiliation and 
common spoken languages—are taken from the Correlates of War World 
Religion Data, CIA World Factbook, and USITC Domestic and Interna-
tional Common Language Database datasets86–88. Religious similarity 
measures the overlap in the number of adherents of major religions; 
for two countries with religious makeup αi and αj, the similarity score 
is simply the dot product αi⋅αj. The linguistic similarity score is given 
by the ‘common spoken language’ index; missing entries are filled with 
the average of linguistic proximity and common native language88. We 
also include the population-weighted geodesic distance85, as well as 
a number of binary covariates: EU membership of the three indexed 
nations; binary variables colonybj and colonyij, which are 1 if the first 
indexed country was ever a colony of the second89; as well as the two 
binary variables δbi and δbj, with δ the Kronecker delta (equation (3)), 
which indicate whether an individual is a native of the origin or the 
destination.
Conflict deaths, refugee and migrant stock. To model short-term,  
disaster-driven migration, we include data on wars and other shocks 
that trigger large population movements. We include the total number 
of deaths related to organized violence in the origin and destination 
countries, given by the Uppsala Conflict Data programme’s Georefer-
enced Event Dataset90,91. We include the total number of refugees, 
asylum seekers, and others in need of international protection, as given 
by the UNHCR’s refugee statistics72, and also include the annual change 
in the figures. Finally, we also input the total migrant stock both in the 

origin and the destination, Sbi(t) and Sbj(t), for each year. As the UN only 
provides these data points at most every five years, intermediate values 
are taken from the neural network prediction S  itself. Where initial 
values are missing, we extrapolate the stocks back to 1990 using a 
weighted average of similar countries; the weights are calculated by 
considering correlations across time and space.

Training. We apply the training methodology broadly outlined in a past 
work23. We wish to not only incorporate information on the current state 
of the world at time t, contained in χbij(t), but also information on the 
past. To do this, we use a recurrent neural network uθ, which takes as 
input the covariates (including stocks) as well as a Z-dimensional hid-
den or latent state zbij(t). This latent variable represents a ‘memory’ of 
past changes and their effects on the present flow estimate. The neural 
network outputs a (log-scaled) estimate of the flow Tbij, as well as the 
updated latent state zbij(t + 1), which is then input to the neural network 
to predict the next point in time: 

u z T z tχχ( , ) = (log , ( + 1)) ∈ . (6)θ bij bij bij bij
Z1+R

Note that the estimates Tbij  and all their derived quantities will be 
real-valued, despite integer target data. This gives a recursive training 
procedure, where each output is fed back into the neural network to 
inform the next estimate (Extended Data Fig. 1a). The latent state zbij is 
initialized at zero and can take any value in RZ.

The neural network consists of a set of trainable parameters θ that 
are optimized using the gradient of the loss function, J, which is 
designed to ensure that predicted and observed stocks, net migration 
values and flows Fij agree, and is structurally an L2-loss of all of the dif-
ferent values {yk}. We make two important modifications to this basic 
loss function: first, we scale the data to make the errors ̂y y−  more nor-
mal, ensuring the loss function is not dominated by the largest values 
(this will be addressed below); and second, we weight each term in the 
loss function by its uncertainty to bias the loss towards values in which 
we have greater confidence (Extended Data Fig. 1c): 

∑J w y y≈ ( − ) , (7)θ
k

k k k
2̂

with the index k ranging over all of the target values in a single batch. 
The weights wk are constructed from the relative uncertainty on each 
point, clamped to the interval [0.5, 2], and normalized such that the 
mean weight is 1. The QuantMig dataset provides standard errors 
on the estimates which we use to populate the weights for the flow 
targets; for all other flow targets, we set the weight to the average 
weight of the QuantMig weights or 1. For the stocks, we apply the 
demographic accounting scheme presented in past works9,12: given 
the stock tables for two successive years S(t1), S(t2), we add births 
and deaths, and constrain the resulting tables to match their mid-
point marginals using iterative proportional fitting. Subsequently 
subtracting births and deaths again gives two demographically  
balanced stock estimates for each year, from which we can estimate 
the uncertainty on each value Sbi. For the net migration targets, we 
set the weights to 1 (refer to the Supplementary Information for  
details).

Scaling the input and target data. Much of the input and target data 
are heavily skewed Poisson distributions, with long tails caused by a 
small number of strong outliers; to improve learning, it is common 
practice to transform data to make it more normal. To this end we use 
a symmetrized Yeo–Johnson transform: 

ψ x x
x

λ
λ

x
( ) = sgn( ) ×

( + 1) − 1
if ≠ 0,

log( + 1) else
(8)λ

λ









with xsgn( ) the sign function. Compared with the standard transforma-
tion92, the symmetrization ensures that negative values are transformed 
more evenly. The parameter λ can be chosen to move the distribution 
of ψλ(x) closer towards a normal distribution (Extended Data Fig. 1b); 
for λ = 1, ψ is simply the identity. The transformed input data are further 
normalized to have zero mean and unit variance. Note that the trans-
formation equation (8) is invertible, with inverse ψλ

−1; we can thus always 
reverse any transformation to obtain the original data. We rescale all 
non-binary covariates except the religious and linguistic similarity 
indices to be approximately normal (refer to the Supplementary Infor-
mation for the λ values used for each).

To improve prediction accuracy on edges with smaller flows, we 
also transform the target data using the above function ψ; the loss 
function then reads 

M M

J w ψ S ψ S

w ψ ψ

w ψ F ψ F

= ⟨ ( (Δ ) − (Δ )) ⟩

+ ⟨ ( ( ) − ( )) ⟩

+ ⟨ ( ( ) − ( )) ⟩.

(9)
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Here, ⟨⋅⟩ denotes the average over all target values. Observe that we 
are not matching stock values directly, but rather the difference in 
stocks over five-year intervals. This is to avoid conditioning the stock 
value on (possibly erroneous) initial values, and ensure independence 
of the stock estimates. An optimal initial stock value can be estimated 
after training using a least squares approach, to fit the time series S t( )bi

  
to the data (see below).

Model selection and validation. To select the architecture of the neu-
ral network, that is, the number of neurons and layers, the activation 
functions, and the latent dimension Z, we use hyperparameter tuning 
on synthetic data (Supplementary Information). We use a deep net-
work with 7 layers, 60 neurons per layer, and the hyperbolic tangent 
as the activation function on each layer except the last, where we use 
the CeLU function93

σ x x α x α( ) = max(0, ) + min(0, (exp( / ) − 1))

with α = −12. The latent dimension Z was set to 100. Also by using a 
hyperparameter sweep on synthetic data, the scaling parameters for 
the target data λi were all set to 0.7.

Uncertainty quantification
Uncertainty on the estimates stems from two sources: first, the degree 
to which the inference problem is ill-posed, meaning the number of 
possible solutions that fit the data; and second, the uncertainty on 
the input covariates themselves23. The uncertainty arising from the 
(potential) ill-posedness of the problem can be estimated by training 
an ensemble of neural networks, thereby generating a distribution on 
the parameters θ (ref. 24). This is computationally costly, as a family of 
neural networks need to be trained in parallel. Meanwhile, in theory 
the uncertainty on the input data can be ‘pushed through’ the trained 
neural network, as in a previous work94. Given a prior distribution π0 on 
the input and neglecting the uncertainty on θ, the posterior is simply 

p T u π χχ( ) = ( )( ), (10)θ# 0

where # indicates a pushforward. For our estimates, we do not know 
the uncertainty on the inputs except for the initial stock estimate. We 
train an ensemble of 15 neural networks in parallel to solve the inference 
problem, and for each draw 100 samples of the initial stocks to estimate 
overall uncertainty. This gives n = 1,500 samples of the flow table T. In 
this Article and the accompanying datasets95, we provide the average 
value T⟨ ⟩ and one s.d.

Our uncertainty quantification is designed for the global setting, 
where estimates cover migrant flows and stocks simultaneously across 

all countries, often with limited metadata. Past uncertainty quantifi-
cation work in migration estimation has focused primarily on flows, 
most notably the Integrated Modelling of European Migration (IMEM) 
model96, which implemented a measurement model with a Bayesian 
hierarchical framework to explicitly reconcile definitional mismatches, 
timing criteria, and measurement error for different European coun-
tries’ flow data, drawing on expert opinions97. IMEM was a direct pre-
decessor to the QuantMig project11 and has since been extended to 
incorporate further data sources98–100. Further adaptations have also 
been made to the IMEM model to estimate European bilateral stocks 
with uncertainty, independent of flow data101, again relying on richer 
metadata on input migration measures than are available globally. By 
contrast, our approach explicitly links changes in migrant stock data 
to their estimated flows. More direct measures of measurement uncer-
tainty for the flow data are not explicitly included as we include only 
relatively high-quality flow measures with a similar definition, unlike 
previous models of European migration flows, where data quality varied 
considerably between countries. Note that, as we use the QuantMig 
estimates and their uncertainties as target data, these explicit measures 
are fed into our model.

Calculating the elasticity
The elasticity equation (1) is further given by 

ν
u
x
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∂
∂

| |,k
θ

k
k

with xk the untransformed kth covariate. As the neural network takes 
ψλ-transformed covariates as input, we can apply the chain rule to χk =  
ψλ(xk) to obtain 
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Calibrating the initial stock value
To generate a time series of migrant stocks S t( )bi , an initial condition 
Sbi(t0 = 1990) is required to solve the stock evolution equation (2) forward 
in time. This initial value may be taken from existing sources such as 
UN DESA where available; however, rather than conditioning on a poten-
tially noisy or inconsistent baseline, we instead calculate a constant 
offset that best aligns modelled and observed values while accounting 
for demographic dynamics. Let Sbi(t) be the observed migrant stock, 
S t( )bi
  the corresponding model prediction generated from an arbitrary 
initial value Sbi(t0), w t( )bi

s  the weight on each observation, and γi(t) the 
mortality rate of country i. Define the survival fraction ∼γ t( )i  as the pro-
portion of individuals alive in 1990 who are still alive in year t: 

and γ t( ) = 10
∼ . The optimal offset Rρ ∈bi  of the initial stock value S t( )bi 0

  
is then computed by minimizing the weighted squared error between 
observed and predicted stocks: 

∼

∼ Rρ
γ w S t S t

w γ
=

∑ ( ( ) − ( ))

∑
∈ , (11)bi

t i bi
s

bi bi

t bi i
2



and the baseline-shifted stock then given by  ∼S t γ t ρ( ) + ( )bi i bi . ρbi is fur
ther constrained to ensure that all resulting stocks remain non-negative.

Comparison and validation
We further validate our approach on a dataset of unseen bilateral origin- 
and birth-destination flows. As the datasets do not use a temporally 
consistent definition of migration (or include many different meas-
ures of migration), we do not calculate prediction errors directly, but 
rather use a series of correlation metrics similar to those presented in 

∼ ∏γ t γ τ( ) = (1 − ( )) ≥ 0i
t τ t

i
< ≤0
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a previous work9. Unlike in Fig. 6a, we calculate correlations between 
the entire dataset Y:
•	 Count: Pearson correlation coefficient on Y.
•	 Log count: Pearson correlation coefficient on Ylog( + 1).
•	 Proportion: Pearson correlation on yij/∑i yij if the observation yij was 

reported by the destination country, else yij/∑jyij.
•	 Migration rate: Pearson correlation on yij/Pi, with Pi the total popula-

tion of the origin.
•	 Emigration rate: Pearson correlation on ∑jyij/Pi.
•	 Immigration rate: Pearson correlation on ∑i yij/Pj.
•	 Net count: Pearson correlation on the net count ∑i(yij − yji).

Note that in Extended Data Fig. 4 we show correlations on both the 
total origin-destination flow (∑bTbij) as well as the total birth-destination 
flow (∑iTbij). We use the following validation datasets:
•	 DEMIG C2C7: bilateral flow data for 34 reporting (mostly European) 

countries from 1990–2011; this dataset contains both origin- and 
birth-destination flows.

•	 DEMIG TOTAL102: total immigration and emigration flows, as well as 
net counts, from 1990–2011.

•	 Eurostat67: bilateral origin-destination flows, mostly within Europe, 
from 1998–2019.

•	 IPUMS International103: immigration totals from census data covering 
the period 1990–2016.

•	 UN DESA IMFSC8: bilateral origin-destination and birth-destination 
flows, reported by 45 (mainly European) countries from 1990–2013.

•	 UN CEPAL IMILA69: bilateral birth-destination flow data to and from 
Latin American countries from 1990–2013. Excludes return migration 
of native-born emigrants.

•	 OECD68: birth-destination flows for OECD countries, 1995–2013.
•	 WPP53: UN WPP net migration estimates for all countries, 2024 revi-

sion, 1990–2020.

Extended Data Fig. 4 shows the metrics for the various stock dif-
ferencing methods outlined in the introduction, as well as our neural 
estimates. As all methods except our own produce five-year flows, we 
aggregate our results up to the five-year level. The closed demographic 
accounting methods have been adjusted to match the same demo-
graphic residuals used to calculate the UN WPP net migration figures, 
hence their correlation with that dataset is 1. Extended Data Figs. 5  
and 6 show the statistical significance of the correlation score differ-
ences between our method and each of the ones described above.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The trained ensemble, training data, and all estimates are available on 
HuggingFace via https://huggingface.co/datasets/ThGaskin/Migra-
tion_flows and https://doi.org/10.57967/hf/8902 (ref. 95).

Code availability
All code used to train the networks, generate samples, and evaluate the 
trained models is available on GitHub via https://github.com/ThGaskin/
Migration_flows and https://doi.org/10.5281/zenodo.19555786 
(ref. 104). Detailed instructions on installing and running the code 
are provided in the repository.
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Extended Data Fig. 1 | Overview of the training method. a For each edge, the 
covariates χbij, the migrant stock (Sbi, Sbj), and the latent state zbij are passed 
through the neural network uθ to produce an estimated flow Tbij and an updated 
latent variable zbij(t + 1). The complete flow table T is assembled from all the 
individual estimates and used to calculate the net migration M, the origin-
destination flow F, and the migrant stock S(t + 1) of the next year, which is  
then fed back into the neural network as input. This gives a recursive training 
procedure. b Input and target data are transformed to more closely resemble a 
normal distribution (dashed line) using a Yeo-Johnson type transformation  

(eq. (8)). This is done by tuning the parameter λ using maximum likelihood 
estimation. c The training loss J is calculated from the residuals of the 
prediction and the observation data. Each term is weighted by the uncertainty 
on the target value, with smaller uncertainties leading to a higher weight 
(represented by a thicker bar). d/e Two covariates used to train the model.  
The bilateral religious similarity score for Nigeria (d), measuring the overlap  
in adherents of major religions with other countries, and real GDP per capita,  
in constant 2015 USD, as of 2019 (e).
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Extended Data Fig. 2 | Per-capita intra-regional migration flows. Values are per 1000 population. Also shown are the total global flows (top left). The trend 
matches that shown in Fig. 2a in the main manuscript.



Extended Data Fig. 3 | Region-specific migration flows. Inflows, outflows, and net flows are shown in millions.
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Extended Data Fig. 4 | Comparison of bilateral flow estimation methods.  
All values shown are Pearson correlation coefficients on unseen flow datasets. 
Since all methods except our own only produce five-year flows, we aggregate 
the neural estimates to five-year intervals for comparison. The evaluation 

metrics are as in9. See Extended Data Figs. 5–6 for statistical significance values, 
and Fig. S22 in the SI for cross-fold validation metrics. a Correlation on origin-
destination flows. b Correlation on birth-destination flows.



Extended Data Fig. 5 | Pairwise comparison of validation metrics for 
origin-destination flows. For each data collection and validation metric,  
we report the difference in Pearson correlation coefficient Δr between our 
method and each baseline, with 95% bootstrap confidence intervals (1,000 
resamples). n denotes the number of origin-destination corridors (bilateral 
metrics) or country-year observations (total migration metrics) used in each 

comparison. p-values are two-sided bootstrap tests, corrected for multiple 
comparisons using the Benjamini-Hochberg procedure. A positive Δr indicates 
that the neural network estimates achieve higher correlation with reported 
data than the competing method. Statistically significant differences are 
marked in bold.
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Extended Data Fig. 6 | Pairwise comparison of validation metrics for birth-destination flows. Same as Extended Data Fig. 5, but for birth-destination flows 
(Extended Data Fig. 4b).



Extended Data Fig. 7 | Model elasticities ν for each continuous covariate. 
The marker indicates the mean, with the lines indicating one standard 
deviation (note the log-scaled x-axis). The elasticity is calculated as an average 
over each ensemble member and 500,000 randomly sampled year-corridors, 
giving n = 15 × 500,000 = 7.5 m. Higher elasticities indicate that the model is 
more sensitive to changes in that covariate. See also Extended Data Table 1.
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Extended Data Table 1 | Input covariates χbij used to train the model

The ‘indexed nations’ column indicates for which indices data are included, i.e. place of birth (B), origin (O), or destination (D). Bilateral variables are naturally indexed by two places.
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