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% Check for updates Despite being a topical issue in public debate and on the political agenda

for many countries, aglobal-scale, high-resolution quantification of
migration and its major drivers for the recent decades remained missing.
We created a global dataset of annual net migration between 2000 and
2019 (10 km grid, covering the areas of 216 countries or sovereign states),
based onreported and downscaled subnational birth (2,555 administrative
units) and death (2,067 administrative units) rates. We show that, globally,
around 50% of the world’s urban population lived in areas where migration
accelerated urban population growth, while a third of the global population

livedin provinces where rural areas experienced positive net migration.
Finally, we show that, globally, socioeconomic factors are more strongly
associated with migration patterns than climatic factors. While our method
isdependent on census data, incurring notable uncertainties in regions
where census data coverage or quality is low, we were able to capture
migration patterns not only between but also within countries, as well

as by socioeconomic and geophysical zonings. Our results highlight the
importance of subnational analysis of migration—a necessity for policy
design, international cooperation and shared responsibility for managing
internal and international migration.

Since the 1990s, human migration has been one of the top public
concerns and political agenda items in Europe and North America’.
Millions of people have been forced to flee due to conflicts while also
millions have voluntarily moved to urban areas seeking better eco-
nomic prospects. Around the world, diverse environmental factors,
such asdroughts, floods and other natural hazards also push people to
move. Most of this mobility takes place within ashort distance, making
internal migration the most prevalent form of migration across the
globe?. Indeed, climate-induced migration is shown to be more com-
mon within national borders®. Yet, public attention tends to focus on
international migrationincluding both voluntary and forced migration.

Subnationalinformation about the estimates of the number of migrants
(and immobile persons), their origin and destination and the condi-
tions of migration are much needed for planning of urban services and
infrastructure as well as rural development*. Understanding migration
patterns across spatial scales—including its conditions, magnitude and
impact—is thus fundamental for policy design.

Whilst subnational (5 arcmin, ~10 kmresolution) decadal estimates
of net migration for three decades between 1970 and 2000 are avail-
able’, global-scale data on subnational migration for more recent years
are sparse. One study® provides a more recent estimate of migration
at grid cell level for 1975-2015 (5 year interval) but the baseline data
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are derived from national-level birth and death data. Other estimates
describe global international migration by using national-level data™
or internal migration at the national level, based on national census
data. These studies suffer from a long time interval between census
years (typically 10 years)’. The coarse spatial and temporal resolutions
of these data hinder the ability to conduct gridded migration trend
analyses over time.

Our study aims to address these research gaps by developing a
detailed annual net migration dataset, by collecting, gap-filling and
harmonizing (1) comprehensive national-level birth and death rate
datasets for 216 countries or sovereign states; and (2) subnational data
for births (covering 163 countries, divided into 2,555 administrative
units) and deaths (123 countries, 2,067 administrative units) (Extended
DataFig.1; Methods).In doing so, we provide a detailed analysis of the
spatiotemporal development of (1) the magnitude of net migration and
(2)itsimpact on populationgrowth over the past two decades. Firstly,
formagnitude, we collected reported data from various sourcesto cre-
ate anannual net migration dataset for 2000-2019, using national and
subnational birth and death data, downscaled to 5 arcmin resolution
(10 km at the equator) with selected socioeconomic variables (Fig. 1;
Methods). These dataenable us to perform analyses on net migration
trends and patterns fromlocal to global scales. Our gridded net migra-
tion data allow, for instance, comparing the intensity of net migration
anditstrends at several administrative scales. It is also possible to ana-
lyse the types of sending and receiving areas (rural or urban) at multiple
scales (regional, national (administrative 0), provincial (administrative 1)
and communal (administrative 2)) over the past two decades. Indeed,
thereis nosuch systematic global-scale classification on, for instance,
whichurbanareas are netsenders and whichrural areas are netreceiv-
ers.Here, we present rigorous analyses of the distribution of the types
of origin and destination areas.

Our paper also contributes to analysing the impact of human
migration on population change. Using our annual gridded dataset
to map migration in parallel with demographic and geophysical data
(Extended Data Figs. 2 and 3), we were able to assess the impact of net
migration on rural and urban population change at national, subna-
tional and communal levels and across different societal and climatic
conditions. Understanding the contribution of migrationto population
changeis crucial because migration affects sending and receiving soci-
eties in various ways. In terms of economic consequences, migration
influences socioeconomic development of both sending and receiving
areas—for example, by increasing productivity in receiving areas and
reducing income inequalities across countries through remittances'®".
Nevertheless, migration can also cause considerable pressure on the
infrastructure and services of the receiving areas* and consequently
exacerbate the vulnerability of migrants'>>, However, few empirical
studies have analysed the impact of migration on population change
atthe global scale over the past decades. Our analysis thus provides a
solid quantitative foundation towards understanding the extended
societal impacts caused by migration.

Results

We first developed a gridded global net migration dataset at annual
timesteps for2000-2019 (Fig. 1). This here-developed dataset (openly
availableathttps://doi.org/10.5281/zenod0.7997134) was constructed
from subnational (administrative 1) birth and death rate data collected
across 2,555 and 2,067 administrative units, respectively (Fig. 1a-b;
Methods), downscaled to 5 arcmin resolution with rasterized socio-
economic data developed in this study and finally adjusted to match
the subnational data collected (Fig. 1c-f; Methods).

Our birth and death rate data revealed considerable intrana-
tional heterogeneities, particularly in large countries, such as Russia,
the United States, China, Brazil and India (Fig. 1g-h). This highlights
the importance of using subnational (particularly downscaled) data
instead of national data (as used in ref. 6) for understanding global

population dynamics. These downscaled birth and death data then
allowed usto estimate natural change in population (deaths subtracted
from births) for each year and grid cell (Fig. 1i). When combined with
reported annual population change over the same time period (Fig. 1j),
we were able to estimate annual net migrationin each grid cell (Fig. 1k)
using asimilar method to that of ref. 5 (Methods). Here, net migration
canbe either negative (more people out-migrating thanin-migrating)
or positive (more people in-migrating than out-migrating).

It should be noted that our data are prone to uncertainties that
originate from collected subnational data but propagate to all derived
data products—including birth and death rates, natural change in
population, as well as net migration estimates. Subject to data avail-
ability, we performed a partial validation for our data products by
comparing gridded data with subnational (mostly administrative
2 level) data (Methods; Supplementary Table 2 and Supplementary
Figs.1-6). However, this validation cannot capture areas where uncer-
tainties may be the highest—that s, areasin whichthe collected census
data are not available or of poor quality, for example, those suffering
from sporadic census years or changing subnational administrative
units. To ensure global spatial and temporal coverage, we applied a
series of adjustments and corrections to the data (Methods). Neverthe-
less, higher uncertainties remain in some countries (such as those in
Africa, the Middle East and parts of Asia) thanin others (such as those
in Europe and much the Americas). As proxies of original data quality,
we provide the description, resolution, timespan and sources of each
collected dataset in the Supplementary Data.

Magnitude of global net migration

Temporal dynamics of net migration depend on scale. To assess
global migration dynamics, we aggregated net migration at three spa-
tial levels: communal (administrative level 2), provincial (administra-
tivelevel 1) and national (administrative level ) (Fig.2). Thisapproach
allowed us to compare the magnitude of migration that occurs at
different spatial levels. Our results show that migration patterns vary
remarkably across nations. On a national scale over the entire 20 year
study period, net migration was positive (that is, in-migration was
greater than out-migration) in Australia, North America, as well as parts
of Europe and the Middle East—all being areas that have attracted either
asylum or job seekers or both (Fig. 2 and Extended Data Fig. 4). Net
migration was negative in countries like Syria, Lithuania, Zimbabwe,
Venezuelaand Guyana (Fig. 2e)—inline with previous assessments from
Venezuelaand Syria, where millions of people have fled a humanitarian
crisis and conflict**° and also from Lithuania and Zimbabwe where
numerous people have out-migrated in search of better economic
prospects,

Ataprovinciallevel, the migration patterns reflect the prevalence
of internal migrationin many countries, as can be observed fromboth
net-positive and net-negative provinces. For example, in China, the
coastal areas show positive net migration while negative net migration
(out-migration is greater than in-migration) was observed in many
inland provinces (Fig. 2c). This is consistent with the well-founded
internal migration patternsin China where labour migrationis concen-
trated towards urban, coastal areas”. The same applies to many other
countries, suchasthe United States, where urban centres are attracting
people from other states and abroad*”'. When assessing net migration
ateven finer spatial detail (communallevel), interesting patterns start
toarise. Forexample, inthe United States, many states with positive net
migration (Fig. 2c) are characterized by mainly negative county-level
net migration (Fig. 2a). See our online net migration explorer tool
for more detail: https://wdrg.aalto.fi/global-net-migration-explorer/

Our dataset also allowed us to explore the temporal dynamics of
net migration over the study period (2000-2019) across three admin-
istrative levels. We assessed the trend of net migration at each level
over the study period (2000-2019) by using linear regression. The
results follow a similar pattern as cumulative net migration where
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Step 1: Reported deaths and births at subnational level (annual over 2000-2019)

Based on reported subnational
data provided by

OECD, Eurostat, STATdata

and individual national

S population censuses. Gaps
were filled and finally
harmonized with national
statistics.

Birth ratio (per 1,000 people; for year 2019) Death ratio (per 1,000 people; for year 2019)
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Step 2: Downscaling input data (annual over 2000-2019; maps shown for 2019)

Downscaling was done using
a multiple linear regression
model with area-to-point
kriging. We fitted multiple
linear regression models of
death and birth data against
the depicted independent
variables. Separate regression
models were fitted for

four income groups: low,
lower middle, upper middle,
or high income.

The regression models were
trained with reported
subnational data. Also
residuals (difference between
model estimate and reported
data) were calculated for
each subnational area. The

\ regression models were then
Share of women of reproductive age (15-49) Share of life lived; that is the ratio between | applied at the 5 arcmin scale

of total population (gridded) average age and life expectancy (gridded) | with the area-to-point kriging.
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harmonized with reported
subnational data so that total
Step 3: Downscaled deaths and births to 5 arcmin grids (annual over 2000-2019) number of births and deaths
g o within each subnational unit
3 - as well as national administrative
area were retained.
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Step 4: Net-migration calculations (annual over 2000-2019)

i Natural population change was calculated from total births and
deaths (births - deaths), derived from birth and death ratios and

gridded population count data WorldPop annually for the study period.

Natural population change (per 1,000 people)

' e -

Net migration (per 1,000 people)
(net migration = reported pop change - natural pop change)

. Reported population change was calculated from gridded
Reported population change (per 1,000 people) population count data WorldPop annually for study period.

Population change and net migration
(per 1,000 people; sum over 2000-2019, compared to year 2000 population)

B
<-500 0 2500
Fig.1|Schematic outline of our study. a,b, Reported annual subnational birth reproductive women and (f) share of life lived in each grid cell, as detailed in the
(a) and death rates (b) for 2000-2019 are based on various global and national panels. g-i, The annual downscaled birth (g) and death (h) rates allowed us to
datasets with some of the intermediate results (Methods). c-f, For downscaling estimate the natural population change for each year (i). j,k, When combining
to 5arcmin grid level, we used four annual gridded or subnational datasets this with reported population change based on WorldPop® (j), we were able to
of (c) human development index, (d) scaled population density, (e) share of calculate annual net migration for 2000-2019 (k). See Methods for more details.
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Net migration (cumulative over 2000-2019)
(per 1,000 people over 20 years)
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Net migration trend (that is, slope) over 2000-2019
(per 1,000 people over 20 years)
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second level
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Fig.2|Net migration for three administrative levels and cumulative net
migration trends within communal, provincial and national administrative
areas. a,c,e, Sum of annual net migration over 2000-2019 is shown for
communal (administrative 2) (a), provincial (administrative 1) (c) and national
(administrative 0) (e) levels. b,d,f, Net migration trend (slope) over 2000-2019
isshown for communes (b), provinces (d) and countries (f). The trend was

Positive trend

determined by calculating the slope of linear regression line. Negative net
migration refers to a situation in which more people out-migrate than in-migrate
and positive net migration refers to a situation in which more people in-migrate
than out-migrate. With our online net migration explorer tool, itis possible to
explore these patterns for each year and subnational unit: https://wdrg.aalto.fi/
global-net-migration-explorer/.

the trend changes according to the administrative level. Further,
the results show interesting patterns of where net migration has a
negative trend and where it has a positive trend over the past two dec-
ades. InNorth America, for instance, net migration shows a declining
trend in almost all regions, excluding small pockets in the southwest
(Fig. 2b,d). The same applies to South America, especially Brazil and
Chile, where net migration hasbeenonagrowing trendinthe northern
parts of these countries, while in the south the trend has been declin-
ing; and Australia, where the trend of net migration has been positive
inthe middle parts, while being negative in the coastal regions of the
continent (Fig. 2b,d).

Rural and urban migration show high global variation. We further
assessed the development of net migration by studying how net migra-
tiondiffersinrural and urban areas (Extended DataFig. 5). Urban areas
oftenreceive migrants fromrural areas— the so-called ‘urban pull-rural
push’situation®’. We assessed if this holds true across 12 world regions
(Extended Data Fig. 4) and for each country at three administrative
levels by using the GADM delineation (national, administrative level
0; provincial, administrative level 1; and communal, administrative

level 2). Here, we combined our net migration dataset with an urban
extent dataset for2000-2019 that was created for this study. The urban
extent dataset maps urban areas on the basis of scaled population
density and share of urban population at national level, annually for
2000-2019 (Methods; Extended Data Fig. 3).

Our datashow that when aggregated globally, urban net migration
was positive (more in-migrants than out-migrants) throughout the
study period (2000-2019), while rural net migration remained negative
(except for years 2010 and 2012) (Fig. 3m). The magnitude of global
net migration ranged annually from near-zero to around three net
migrants per 1,000 people (Fig. 3m). Notable spatiotemporal variation
betweenruraland urban net migration was evident at the regional level
(Fig. 3a-1) as well as at national, provincial and communal levels
(Extended DataFig. 6). However, no considerable change in net migra-
tion rates towards urban or rural areas was observed in any region
between 2000 and 2019. Both rural and urban net migration were nega-
tive (down toapproximately —10 net migrants per 1,000 people) nearly
throughout the study period in Central America (Fig. 3a), whereas
in North America (Fig. 3g) and Oceania (Fig. 3h), total net migration
was steadily positive (with a constant magnitude of at least +5 net
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Fig.3| Annual rural and urban net migration aggregated over geographical
regions. a-m, Theregional sums for each year (Central America (a), East Asia
(b), Eastern Europe (c), Europe (d), Middle East (e), North Africa (f), North
America (g), Oceania (h), South American (i), South Asia (j), Southeast Asia (k)
and Sub-Saharan Africa (I)) and the annual global sum (m) of urban and rural

net migration. Urban and rural net migration are reported per 1,000 urban or
ruralinhabitants in each region. The regional division follows the UN country
grouping (Extended Data Fig. 4). See gridded net migration in rural and urban
areasin Extended Data Fig. 5.

migrants per 1,000 people). In East Asia (Fig. 3b), net migration was
negative in rural areas and positive in urban areas (with magnitudes
<5 net migrants per 1,000 people) while in other regions, the pattern
was more complex (Fig. 3).

InEastern Europe and the Middle East, rural and urban net migra-
tion rates fluctuated annually, especially during the years preceding
the Arab Spring, followed by massive rural out-migration and urban
in-migration between 2011 and 2013—with magnitudes up to almost
+40 net migrants per 1,000 people and down to —20 net migrants per
1,000 people (Fig. 3e). Out-migration from Syria was among the largest
inthe world between 2010 and 2015, during when more than 2 million
people left to neighbouring countries Turkey and Lebanon®'***, This
explains a sharp influx of migrants to rural and urban areas in Eastern
Europe group thatincludes Turkey (Fig. 3¢c). Although our results align
with previous estimates of migration in the Middle East, these regions
are prone to high uncertainties in the data.

Net-receiving provinces contain a third of global population. When
focusing on national and subnational scales, the global urban pull-rural
push pattern (Fig. 3m) becomes patchier (Fig. 4). At the national scale,
36% of global population (in2019) lived in countries where this pattern
was evident. These countries include the Nordics and several countries
inAfrica, Southeast and East Asia (Fig. 4c). However, at the subnational
scale, many more people lived in provinces and communes which were
either net receivers or net senders, as presented by negative or posi-
tive net migration in both urban and rural areas. Such provinces were
located in the United States, Canada and Australia, while Russia, the

northeast of the United States, Mexico and the Balkans, for example,
accommodated multiple net-sending provinces (Fig. 4b).

A situation where urban net migration was negative and rural
net migration positive (rural pull-urban push) was observed in few
locations, such as certain provinces of Indonesia, Congo, Venezuela
and Pakistan (Fig. 4b), coveringin total 22% of the world’s population.
Notably, 37% of the global populationlived in the urban and rural areas
of net-receiving communes. Extensive rural in-migration is probably
explained by interprovincial and intercommunal migration between
rural areas and immigration from other countries. Studies show that
a trend of rural-urban migration is shifting towards more complex
mobility patterns, of which rural-rural mobility is one of the most
prevalent types of internal migration. Especially in Sub-Saharan Aftrica,
people tend to move between rural areas as seasonal circular migra-
tion and for economic diversification, given better access to land or
job prospects thanin cities***. In Europe, a similar pattern appears in
ruralareas attracting workersin the agricultural sector withinthe same
country or from abroad®. Large urban agglomerates may also push
people to move to rural areas in search of more affordable housing
(counter-urbanization; seeref. 27 for counter-urbanizationin Australia
and ref. 28 for the United States). It should be noted that the results
are strongly influenced by the delineation of urban areas (Methods).

Impact of migration on population change

Migration often accelerates urban population growth. Net migra-
tion taking place in densely populated areas can be relatively large
compared to natural population change (Figs. 1i,k and 2a). In such
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Division of net migration
between urban and rural areas

Share of population in 2019
(%) living in each category

Urban Rural Communal  Provincial National
= 4 ‘netreceivers’ 37 29 17
- —  ’net senders’ 31 35 30
- == ‘rural pull-urban push’ 19 22 17
+ = ‘urban pull-rural push’ 13 14 36
. Zero migration o] (o] 0
No data

== Net-positive migration — Net-negative migration

Fig. 4| Division of net migration between urban and rural areas. a-c, The
communal (a), provincial (b) and national (c) levels. Each administrative unit was
categorized into one of the four classes on the basis of the ‘direction’ of migration
inruraland urban areas. For example, if net migration in an administrative unit
was positive inboth urban and rural areas, then that unit would be categorized as
anetreceiver, whereas a unit in which urban net migration was positive and rural
net migration negative would be categorized as urban pull-rural push. The share
of population living in each category was calculated for each administrative level.
Forinstance, 36% of global population lived in communes where both urban and
rural net migration were positive (net-receiving communes). See net migration in
ruraland urban areas by different administrative levels in Extended Data Fig. 6.

cases, large-scale migration can strain natural and human resources,
aswellasinfrastructure, whichareinsufficient toserveasteep surgein
population, particularly inurban areas*”’. On the other hand, migration
can potentially help ageing societies like those in Europe to maintain
their work force®**', To empirically examine the role of migration in

population change globally, we compared natural population change
(deaths subtracted from births) with reported population change in
rural and urban areas at the three administrative levels.

We found that about half of the global urban population lived in
areas that were affected by positive net migration in a way that positive
net migration added to a naturally growing urban population. Nota-
bly, in some urban areas—especially in the Nordics, Germany, Austria
and Spain—positive net migration even shifted a naturally decreasing
population towards growth (Fig. 5c,e). In very few countries, positive
net migration slowed down natural decline inurban population but this
affected urban areas accounting only for ~1% of global urban popula-
tion. About 39-44% of the urban population lived in areas affected by
negative net migration that slowed down urban population growth
(Fig. 5). There were fewer cases (0-6% of urban population) where
naturally growing urban population declined due to intensive
out-migration. Such areas could be detected mainly at communal
levelin countries such as France, Italy, the United States and India.

Negative net migration impacted rural areas more often than
urban areas: 10% of global rural population lived in communes where
out-migration turned rural population growth to a total population
decline (Fig. 5b). Approximately half of the global rural population
lived in countries where rural population growth was slowed down
by negative net migration, whereas one-fifth of rural population lived
in countries where negative net migration accelerated the prevailing
decline in population (Fig. 5f). Yet, positive net migration propelled
rural populationgrowthin multiple provinces and communes account-
ing for around a third of global rural population. In Russian provinces
and communes bordering Kazakhstan, for instance, in-migration of
skilled workers from Kazakhstan potentially explains the accelerated
rural population growth or slowed rural population decline®.

Human development is associated with migration more than arid-
ity. Global migration is known to be driven by both socioeconomic
and environmental factors®". Here, we analyse how total, urban and
rural net migration co-occur with different socioclimatic conditions,
dividing the globe into 100 socioclimatic bins (Extended Data Fig. 7)
on the basis of the level of aridity, human development (measured by
human development index (HDI); Extended Data Fig. 8) and popula-
tion. Eachbinaccommodates ~1% of the global population (Methods).
Our results show that, over the past 20 years, high net migration
often co-occurs with high HDI and high aridity, which is evident espe-
cially in urban areas (Fig. 6a). For instance, urban areas in the Arabian
Peninsula, arid parts of North America, Australia, Argentina and the
Mediterranean region had high (mostly above +60 net migrants per
1,000 people over the study period) positive net migrationrates (Fig. 6a).
High positive net-migration ratesinmany Middle Eastern countries, such
as Qatar,Oman and Saudi Arabia (Fig. 2e), are explained by large labour
migration particularly from Asianand African countries®. On the other
hand, in Australia and North America, the ‘preference of low-density
living”* can explain positive net migration in rural areas. Notably, high
HDIis common for these regions whereas the range of aridity is wider.
Interms of negative net migration, global out-migration hotspots
(areas with substantial negative net migration) are located in sociocli-
matic conditions with middle-level aridity and human development.
This was especially the case in rural areas (Fig. 6¢). High negative net
migration rates could be observed in regions like Central America,
northeastern Brazil, Central Africa and Southeast Asia (mostly below
-60 netmigrants per 1,000 people over the study period). This aligns
with recent studies showing that most migration is originating from
areas where people have sufficient capacity to move and use migration
as aform of adaptation to unfavourable environmental conditions’.

Positive net migration often co-occurs with high HDI. When com-
paring natural population growth with net migration across different
socioclimatic conditions, we found that the contribution of migration
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Impact of migration on urban and rural populations in countries, provinces and communes

Net-negative migration

Net-positive migration

Impact increases

Migration turns population growth to decline
Migration slows population growth
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No data

Migration turns population decline to growth
Migration slows population decline
Migration increases population growth

Share of urban and rural population (in 2019) living in each category (%)

Urban N I .
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Communal 10 33 13 (o} 31 9 5
Provincial 6 35 15 0 28 12 4
National 3 48 22 0o 20 7 ]

Fig. 5| Impact of net migration on population change in urban and rural
areas. a-f, The communal (a,b), provincial (c,d) and national (e,f) levels for
urban (a,c,e) and rural (b,d,f) areas. Impactis divided into seven categories

by comparing total population change, net migration and natural population
change (growth or decline). Total population change includes both net migration
and natural change. Natural change is measured with births and deaths, that

is population change without migration. For example, net migration slows
down urban population decline when urban net migration is positive but total
urban population change is negative (Methods). Share of global urban and
rural population living in each category shows the share of global urban or rural
inhabitants livingin areas under each type of impact.

to population change (Methods) was more strongly associated with the
level of human development than with aridity (Fig. 6b,d). Positive net
migration often contributed to increasing population growth, slowing
population decline or shifting declining population to growth in areas
with relatively high human development. Our results show that the
climatic factor, as measured by the level of aridity, has a weaker asso-
ciation withtheimpact of migration on population growth. Therefore,
migration can accelerate or slow down population growth in a wide
range of climatic conditions.

Forinstance, most of Europe, North Americaand Australia, which
are regions with high human development, experienced increasing
urban population due to positive net migration (Fig. 6b). Notably, the
capacity to cope with the pressure on physical and social infrastructure

from population growth is high in these regions. On the other hand,
many urban regions in West, East and South Africa, Arabia, as well as
India, Bangladesh, China and Southeast Asia had positive net migra-
tion accelerating their natural population growth, while they also
have more limited capacity (HDI) to cope with a growing population
(Fig. 6b). Urbanregions with the lowest human development level expe-
rienced negative net migration and consequently a slowing down of
natural population growth. While this may indicate that out-migration
from those areas is alleviating the pressure caused by natural pop-
ulation growth, it can also reflect urban out-migration pushed by
urban poverty.

Finally, the role of migration in rural population change follows
a general pattern in which regions with higher human development
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Fig. 6 | Net migration and itsimpact on population change in socioclimatic
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population summed over the study period (a), the impact of urban net migration
onurban population change in each socioclimatic bin (b), rural net migration
per1,000 rural population summed over the study period (c) and the impact of
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or rural population was calculated as azonal sum of net migration in urban (a)
and rural (c) areas in each bin and then divided with the respective urban or rural
population countin the respective bin. The maps are spatial representations

of the heatmaps. Socioclimatic bins are based on socioeconomic and climatic
conditions represented by human development and aridity indices (Methods;
Extended Data Figs.7 and 8).

level are impacted by positive net migration. Declining rural popula-
tions turned to growth due to positive net migrationin North America
and Australia (Fig. 6d), whereas rural population decline was slowed
down by positive net migration in most of Europe, parts of Russia and
South America.

Discussion and concluding remarks

Despite recent progress in estimating global internationa and
internal migration®”, global migration datasets often suffer from poor
spatial and/or temporal resolutions. Our annual gridded net migration
data cover the entire globe, allowing the analysis of both local and
regional net migration patterns at various geospatial scales. Using these
data, we have quantified the magnitude and impact of net migration
over the past 20 yearsin three administrative levels and insocioclimatic
zones. Our analysis highlights the importance of considering the spa-
tial scale when analysing migration patterns. We showed that global
net migration patterns depend strongly on the scale of analysis, both
for the magnitude of migration and also for the trend (Fig. 2). Within
the study period of 2000-2019, net global urban migration has been
predominantly positive while net rural migration has been negative
(Fig.3m), aligning with previous urbanization literature®. Further, we
showed that the volume and impact of migration are positively associ-
ated with the level of human development (positive net migration often
co-occurs with high HDI) and this association is stronger than that of
climate and migration (Fig. 6).

I7.8,35,36

Previous studies argue that migration often originates from areas
where people have sufficient capacity to move and to use migration as
one form of adaptation to unfavourable environmental conditions,
often by migrating to urban areas**~*', Our analysis provides a global
quantification of this argument and shows that rural out-migration
hotspots were located in socioclimatic conditions with a middle level
of aridity and human development (Fig. 6¢,d). This corresponds to
about 50% of the global urban population who experienced accelerated
populationgrowthin the past two decades (Fig. 5). Notably, arelatively
large volume of positive urban net migration took place in locations
with medium-to-high levels of human development, indicating higher
capacity to cope with additional pressures (Fig. 6a,b).

Despite accelerating urbanization over the past 20 years, posi-
tive net migration has increased population growth and helped to
slow down population decline in many rural areas (Figs. 5 and 6c¢,d).
Rural-rural migration, especially over short distances, is common
particularly in smaller countries with few provincial and communal
urban centres that attract migrants from other parts of the country’.
Our results show that areas where migration slowed rural population
decline were located in high-income countries (Fig. 6d), and some
countries may have reached a point where urbanization has turned to
counter-urbanization®. On the other hand, the share of people living
inurbanareasis expected to grow, especially inlowerincomeregions,
such as Africa*’. With the global average temperatures continuing to
rise,impoverished urban areas are particularly vulnerable to the impact
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of extreme climate events, given lower capacity to manage population
growth and to provide basic services and infrastructure®. Increased
climatic hazards such as heatwaves, water stress, floods and droughts
willincrease the vulnerability of people living in the outskirts of poor
urbanagglomerates, which are already the predominant destinations
for migrants, particularly in Africa**. Notably, such developments are
visiblein our study. For instance, migration-induced urban population
growth over the past two decades was visible around the fast-growing
cities of Nigeria, Angola, Kenya and Tanzania, where the capacity to
cope with the accelerating population growth was remarkably low
(Figs.5and 6).

While our study sheds light on global migration trends and pat-
ternsat various spatial scales, there are several limitations. First, given
that our data derive net migration from the difference between total
and natural population change, itisimpossible to distinguish between
different types of migrants such as refugees, internally displaced per-
sons or economic migrants. Our data mask out important individual
migration events and external shocks, such as conflict, altogether by
only describing whether an area experienced more in-migration than
out-migration, or vice versa, without being able to differentiate the
dynamics of migration flows in and/or out of an area®. This can be
particularly relevant, for instance, in areas under prolonged conflicts
in our study period, such as Afghanistan, Syria and Iraq. Further, our
analysis used long-term averages of climatic and socioeconomic con-
ditions, thus masking any interannual or intra-annual variation of net
migration related to sudden shocks, such as extreme weather events.

Itis alsoimportant to note that the data collected from national
censuses and other databases (Methods; Extended Data Fig. 1) were
available at different temporal resolutions. Data for low-income
countries were scarcer, while the information from high-income
countries was generally more detailed. In some cases, the sources
for births and deaths information were also different. To minimize
uncertainties, the produced birth and death grids were adjusted
so that the subnational sum of births and deaths matched with the
collected subnational (administrative level 1) birth and death counts
(Supplementary Data). Further, subnational data at administrative
level 1 were harmonized with national data; that is, we ensured that
the sum of births and deaths at the grid level agree at the national
level with United Nations (UN) statistics. We validated the WorldPop
data, downscaled births and deaths data as well as the produced net
migration data against reported values, mostly at administrative level
2 (finer level than used for creating the gridded datasets). Validations
show that the data are in line with reported data and thus indicate
good performance of our downscaling method (Supplementary
Figs.1-6 and Supplementary Table 2). To smooth over inaccuracies,
we recommend aggregating the data over some spatial or temporal
units (for example, administrative/environmental zoning, 5 year
period instead of an annual timestep).

Here, we have quantified the magnitude and impacts of net migra-
tion over the past two decades. In the light of our results, we emphasize
the importance of subnational analysis of migration and, with our
data, we provide various future research openings in studying com-
plex human mobilities inside and between administrative boundaries
and in other zones—combined with the co-occurrence of extreme
weather, disasters, conflicts and migration events, for example. Cap-
turing migration patterns not only between countries but also within
countries and socioeconomic and geophysical zonings is essential for
policy design, international cooperation and shared responsibility—all
essential for managing internal and international migration and other
mobilities”. Finally, our results underline the necessity of coupling
environmental drivers with proxies of human development. Internal
andinternational migration are expected toincrease in unprecedent-
edly complex and rapidly changing socioclimatic conditions*® and
thus, increasing the empirical understanding of the global patterns of
migration and its multifaceted drivers is very important”.

Methods
The overall workflowisillustrated in Fig. 1, while amore detailed meth-
odological explanationis given below.

Data processing for harmonized subnational data

We first collected national and subnational data for 19990-2019. For
births, we used two global databases, namely STATcompiler*® and
Eurostat®, as well as national census data. Altogether we found sub-
national (administrative level 1) data for 163 countries which were
divided altogether for 2,555 administrative units (Extended Data Fig.
1). For deaths, we used two databases, namely OECD regional stats*
and Eurostat®', as well as national census data. For deaths, we found
subnational data for 124 countries and 2,067 administrative units. For
both data (births and deaths) and for each country, we evaluated the
best-available datasource (by the number of available years and miss-
ing data entries, if multiple data sources were available). The datasets
used are described in the Supplementary Data and origin of data for
each countryillustrated in Extended Data Fig. 1, which also shows the
administrative units used in STATcompiler®?, Eurostat™and OECD*.

As datawere available either as a crude birth or death rate orasa
number of births or deaths, we needed to harmonize the dataso that all
observations would be as arate (births or deaths per1,000 people). For
this, we aggregated population data for each administrative unit and
for each year, using WorldPop* gridded 1 km data for 2000-2019 and
HYDE 3.2 (ref. 56) for 1990-2000. HYDE data were bias-corrected with
deltachange method* to be consistent with WorldPop data. Although
WorldPop datawere available also for the year 2020 at the time of data
processing, our analysis required computing population change that
could not be done for the 2020 WorldPop data and thus, final data
are limited to 2019. While our final dataset covers years 2000-2019,
collecting datafor the previous decade made interpolations between
years possible.

Once all data were transformed to rates, we filled missing data
entries. Some data entries were missing due to changes in administra-
tive units and temporal gaps in used datasets. For changes in admin-
istrative boundaries, we used Administrative Divisions of Countries
(Statoids) database®. We processed the missing data according to
following types (see list of subnational areas in each category in the
Supplementary Data):

(1) Combine (number of cases in birth dataset (ny;.q,s = 11;

Ngearns = 11). In subnational units with low population (typically
<50,000)—with available data for the number of births or
deaths—the birth or death rates ended up differing substantially
from the surrounding administrative units. In these cases, we
‘combined’ the unit with a neighbouring larger subnational unit
so that the rate was calculated for both, using the combined
number of births or deaths and population—that is, they ended
having the same rate. For example, we combined Ulaanbaatar
(Mongolia) with the surrounding Tov province, as rates in
Ulaanbaatar were not realistic (probably because of how the
populationin the capital is defined).

(2) Split (Nyiehs = 15; Ngearns = 14). In cases when alarger administra-
tive unit was split to two or more subnational units during the
extended study period and parts of the data were given only
for the larger unit, we estimated birth or death rates before
the split using the birth or death rate of the first timestep when
these were split to separate units. We did this by calculating the
combined birth or death rate, using subnational population
and then used this to calculate the ratio between combined
birth or death rate and each individual administrative unit birth
or death rate. These were then multiplied with the ‘combined’
birth or death rate for years before the split. This way, we were
able to estimate the birth or death rate for all individual ad-
ministrative units for the time in which they were still one unit.
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For example, Panama subnational unit was split in 2014 into
two units: Panama and Panama Oeste. Birth rate data exist for
combined Panama over 2001-2013 and then for both split units
from the year 2014 onwards. We thus first calculated the com-
bined birth rate (in this case) for year 2014 using subnational
population:

birthRatecomp,,,

. ) 1
_ (poppa"amaomu ><blrthRatepmmomm)+(p0p,,a"amaZDM xblrthRatepmmmH) ( )

(popPanamaOZOH +POPpanamayqy4

This birthRate omp,,,, Was then used to estimate the rates for each sub-
national unit separately:

birthRatepanamao,,,,

birthRatepanamao,,, 2
birth Ratecombzou ?

ratiopanamao =

bil’thRatePanamazon

3

ratio =—
Panama = " hirthRate compyg,,

and these were finally used to estimate the birth rate for each subna-
tional unit for pre-2014 period (example for year 2013 given below):

birthRatepanamao,y,; = ratiOpanamao X birthRatepanama(combined),,,  4)

birthRatePanamamB = r'~"3'tioPanelma X birthRatePanama(combined)2013 (5)

where birthRate_Panama(combined) 2013 is the reported birth rate

for the combined administrative unit for year 2013 (before the split).

(3) Partof the data missing (Myirhs = 31; Ngeachs = 19). In cases of gaps
inthe reported data, we used the neighbouring area with the
least difference in births or deaths as the scaling neighbour
to scale the missing data. For this, we used the data from the
closest year to the missing data year, for which data existed for
both administrative units. We then calculated the ratio between
these administrative units and used this ratio to estimate the
missing data:

dataadeiSSingmissingYear X dataadexistingmissmgm, (6)

dataadmEXiStingavnilnhleYem

(4) Nodataatall (N = 24; Ngearns = 29). For some subnational units
(often remote islands or other remote areas with very low popu-
lation), no data existed. In this case, we used national average
values.

Once we had filled the missing data entries, we interpolated and
extrapolated the years for which there were no data available for any
subnational unit, using interpolation and harmonization methods
adapted from ref. 59. Shortly, we first interpolated missing national
values between the years with available data using linear interpola-
tion. Then, we extrapolated missing data points either before the
first reported year or after the last one. For extrapolation, we used
macroregional (n =12; see ref. 59) trends that were calculated using
population-weighted national birth and death rates of those countries
with full data coverage over the extended study period (1990-2019).

Wethenused theinterpolated and extrapolated subnational birth
and death rates to calculate population-weighted national average
birthand deathrates for each country and year. These rates were then
compared with reported national values (compiled from World Bank
and UN databases), resulting in an annual ratio between the reported
death and birth rates and the ones calculated from subnational

units. When we then used this national ratio to correct the bias of
the subnational-level birth and death rates, we ensured that our data
matched with reported data at the national level.

As the final result, we attained gap-filled harmonized full time
series for all subnational areas for which data were available as well
as for those countries for which no subnational data were found
(Extended DataFig.1). We produced acombined dataset (both gridded
and polygon formats) for both birth and death rates, which consisted of
subnational values for those areas where it was available and national
values for others.

Downscaling to gridded level

We used multiple linear regression together with area-to-point krig-
ing (ATPK)°**' to downscale the subnational birth and death rates to
5arcmin (~10 km at the equator) resolution. The downscaling was
donesothatthe average birthand deathrates (total births and deaths
of an area) were maintained at the administrative unit (subnational
or national, depending on the source data) scale®. For the regression
model, we used ‘relative population density’ (for urbanization proxy)
and ‘subnational human development index’ data as independent
variables in downscaling both births and deaths. Income and mean
years of schooling, both being indicators of HDI, have been shown to
correlate well with babies per woman at national scale®® and ref. 5used
population density as a proxy for estimating the difference in natural
population increase between urban and rural areas. For births, these
were used together with gridded data of ‘share of women of reproduc-
tive age (15-49 years) of total population’ and for deaths with gridded
data of ‘ratio of average age and life expectancy’. The ‘share of women
of reproductive age (15-49 years) of total population’ is also used by
ref. 64 todownscale births to gridded scale—although they did it only
for oneyear andselected countries. For theindependent variables used
for downscaling, we used annual datasets for 2000-2019. These data
were produced for this analysis by using openly available global data-
sets. Data preparations for the independent variables are described
below, followed by the downscaling method in details.

Data preparation of independent variables for downscaling. Human
development index. We used tabulated subnational HDI data from
ref. 65 to create a gridded and gap-filled gridded subnational HDI
dataset for eachyear over 2000-2019, at 5 arcmin resolution. We used
a similar method to fill missing years and rasterize the data as ref. 59
useintheir gridded HDI dataset.

Relative population density. Rather than using global populationden-
sity or night light data as the proxy of urbanization rate, we used popula-
tiondensity scaled between 0 and1foreach country. Usingthe WorldPop
dataset>, we first extracted the 5thand 95th percentiles of population
density by country across all years from 2000 to 2020, after the low-
est population density cells (population density <1 person per km?)
were omitted. We then scaled population densities within each country
and year between O and 1, such that:

popd — popd5th

7
popd95th — popd5th @

popdScaled =

popdScaled < 0 =0

popdScaled >1=1

where popdScaled is the scaled population density for a year, popd
isthe unscaled population density for that year, popd95th is the 95th
percentile population density for the country in question (using all
years) and popd5th is the 5th percentile population density (using
all years).
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Thescaled population density thenindicates the degree of urbani-
zationan area has undergonerelative to the maximum state of urbani-
zation experienced by that country across 2000-2020.

Share of women of reproductive age of total population. We used
WorldPop ‘Age and sex structures’ dataset® to count the number of
women of reproductive age (15-49 years). The data provide annual
estimates globally for each 30 arcsec grid cell for the “[...] total num-
ber of people per grid square broken down by sex and age groupings
(including 0-1and by 5-year up to 80+)” (ref. 67). We aggregated these
datato5arcmin resolution and divided this with the aggregated (from
30 arcsec to 5 arcmin) total population count of each grid cell using
WorldPop ‘Population counts’ data®. This resulted in the share of
women of reproductive age for each grid cell at 5 arcmin resolution.
Werepeated this for years 2000, 2005, 2010, 2015 and 2020 and inter-
polated the missing years to get annual gridded data for 2000-2020
(seemap of the last timestep in Fig. 1e).

Ratio of average age and life expectancy. Tofirst calculate the aver-
age age of population in each grid cell, we used the same WorldPop
‘Age and sex structures’ dataset® that was used to compute the ‘share
of women of reproductive age (15-49 years) of total population’ (see
above). The data include the number of males and females by age
group and thus, it allowed us to estimate the average age (for example,
for the age group 5-9 years, we used an average age of 7 years). How-
ever, the dataset does not specify the average age for the age group 80+
and, thus, we needed to use UN population prospects national-level
datatoestimateit foreach country andyear and separately for females
and males. From the national-level data, we first estimated the aver-
age age of that age group (separately for females and males) and then
combined that with the grid cell level data—that is, assuming that in
each grid cell of a country in question, the share of population over
80 yearsold had an average age equal to national average. As aresult,
wereached an estimate of the average age for each 5 arcmin grid cell.
We then used the life expectancy component of subnational HDI
data from ref. 65. To fill missing years and rasterize the data, we used
amethod similar to the one ref. 59 use in their gridded HDI dataset.
Finally, we took the ratio of these two datasets, resulting in a ratio of
average age and life expectancy—the percentage of how much of their
expected length of life has an average person lived—for each year over
our study period 2000-2019.

Downscaling methods. To downscale the collated census datafrom
the subnational administrative boundary scale to 5 arcmin grid-
ded scale, we fitted multiple linear regression models of death and
birth rates against global independent variables introduced above.
Separate regression models were fitted for four income groups,
where grouping was based on their relative income band®®: low, lower
middle, upper middle or high income. We first applied these regres-
sion models at the subnational administrative boundary scale to
assess model performance and to calculate residuals (differences
between model estimates and reported data) for each subnational
administrative area. We then applied the regression models at the
5arcminscaleand adjusted the estimates using an ATPK for the resid-
uals calculated at the subnational administrative boundary scale.
Finally, the downscaled estimates were adjusted to ensure that the
total number of births and deaths matched the original data when
aggregated to the subnational administration boundary scale®’.
Below, each step is presented in more detail.

Linearregressionmodels. On the basis of the dataset from the World
Bank®®, we split countries into four income bands, marking them as
low, lower middle, upper middle or high income. For each income
bracket, wefitted adifferent regression model to capture the differing
relationships betweenbirth or deathrates and independent variables.

Both birth and death rate models used the scaled population
density and HDI data as predictor variables, with birth rate models
additionally including the ‘share of women of reproductive age (15-49
years) of total population’ variable, whilst death rate models addition-
allyincluded the ‘ratio of average age and life expectancy’ variable. The
predictor variables were aggregated at the subnational administrative
boundary scale by taking average values, which were then used for
regression against either birth rates or death rates across all years
(2000-2019).

We applied these regression models to predict birth and death
rates for each grid cell, aggregated the cell-wise values at the subna-
tional scale by weighting them with population and then assessed
model performance and calculated residuals against the collated cen-
sus data. We found that the models predicted birthand death rates well,
with the coefficient of determinations being 0.74 and 0.60, respectively
(Supplementary Table1).

ATPK of the residuals and final population-weighted adjustment.
Having calculated the residuals between modelled estimates of birth
and deathrates at the subnational scale and the collated census data,
we performed an ATPK procedure to distribute these residuals across
a5 arcmin point mesh following the method described inref. 69. These
grid-scale distributions of the residuals were thenadded to agrid-scale
application of the regression models to give a first approximation for
the downscaled datasets of both birth and death rates.

Finally, we adjusted the downscaled approximations to ensure that
the total number of births or deaths represented in the downscaled
dataset matched the collated census data at the subnational scale by
applying equation (8) to each grid cell:

o Zﬁf pj )

—_— €]
Ej‘:l Rip;

Riadjusted = Ri (

where R;adjusted is the adjusted rate (birth or death) in the grid cell, R,
istheapproximated rateinthegrid cell,j=1...narethe grid cells that fall
within each subnational administrative boundary, p;is the population
within grid cellj taken from WorldPop and C,, is the census data birth
or deathrate for the subnational boundary containing cellsj=1...n.

Net migration data

The downscaled gridded births and deaths data (Fig. 1g,h) were then
used to calculate natural population change (deaths subtracted
from births) (Fig. 1i). Together with annual global gridded popula-
tion count for 2000-2020% (Fig. 1j), the natural population change
dataallowed us to calculate net migration for each year and grid cell
(Fig. 1k) as 'natural population change’ subtracted from ‘reported
population change’.

Validation of data

We validated all downscaled datasets (WorldPop data and gridded
births, deaths and net migration) with subnational and/or national
observations. Subnational observations at administrative level 2
were collected from OECD*%’°, Eurostat*>*"”!, national statistical
service of South Korea’” and from ref. 73. National observations
were collected from the UN". Here, it should be noted that the
subnational validation data for population, births and deaths were
collected at administrative level 2 (communal) whereas level 1 (pro-
vincial) data were used for producing and harmonizing the gridded
datasets. Level 1 (provincial) data were used in validating the net
migration estimates.

WorldPop. WorldPop data were validated against OECD data” which
reports population counts for 1,818 subnational units globally. World-
Pop data were first aggregated to the subnational units and then
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compared with OECD data through correlation analysis. Validation
results are presented in detail in Supplementary Fig. 1 and Supple-
mentary Table 2.

Downscaled births and deaths. Downscaled births and deaths were
validated against Eurostat subnational data (n =1,504) and OECD sub-
national data (n=1,883), respectively. Gridded birth and death rates
were first aggregated to the respective subnational units and then
compared with the observed values. Validation results are provided
inthe Supplementary Fig. 2 and Supplementary Table 2.

Net migration. For validating net migration data, we used national-level
data provided by the UN*and subnational observations collected from
ref. 73 for the United States (counties; n = 3,056), national statistical
service of South Korea (provinces; n=16) (ref. 72) and Eurostat for
Europe (districts; n =1,522) (ref. 71). Gridded net migration data were
firstaggregated to the national/subnational units and then compared
with the observationsin the respective resolution. Subnational valida-
tion was conducted for both the total net migration count as well as
therate (net migration per population). Total net migration for a unit
was first obtained by aggregating (zonal sum) the gridded net migra-
tion estimates over a subnational unit. Annual rate of net migration
per population for a subnational unit could then be calculated by
dividing both the aggregate sum of net migration and the observed
net migration by the aggregate sum of population count (here, World-
Pop data were used) of the respective subnational unit. Additionally,
cumulative sums of net migration were calculated for both the esti-
mated (here-produced) and observed net migration data. Cumulative
sums were calculated for years 2000-2005, 2006-2010, 2011-2015,
2015-2020 (5 year sums) and for years 2000-2010 and 2011-2020
(10 year sums). Rates for the accumulated net migration counts were
calculated by dividing the accumulated sum by the respective 5 or
10 year population average in the given subnational unit. Validation
results and country-specific details are provided in Supplementary
Figs.3-6 and Supplementary Table 2.

Urban extent data

Existing mappings of global urban areas include exercises like the
one mapping global human settlements and urban centres by using
a‘degree of urbanization” approach that divides human settlements
into rural, semi-urban and urban areas on the basis of population
size, population and the density of built-up areas. However, these
data cover only afew years™. Arecent urban extent dataset developed
by using night light data also covers only one timestep’®, while the
most up-to-date time-series data of global urban extent cover nearly
100 years (2010-2100) (ref. 77), hence missing a decade from our
study period.

Thus, we created urban extent data for each country for each
year by using gridded relative population density (see above) and the
share of urban population of total population for each country and
year. The tabulated annual share of urban populationin each country
was acquired from the UN World Urbanization Prospects*. By going
through each country cell by cell, the share of urban population was
used to find a population density threshold where urban population
turnstorural. Here, it was assumed that all urban area cells were more
densely populated than all rural area cells. In other words, the calcu-
lation propagated in descending order of population density so that
the sparsest-populated cell within urban extent was assumed to be
more densely populated than the densest-populated cell not within
the urban extent.

This was done by first calculating the total and urban population
for each country:

totPop = sum (pop) 9

urbanPop = totalPop x shrypanpop (10)

Then, a threshold where urban population turns to rural was
defined by calculating the cumulative population count. Starting
from the cells with highest relative population density, population
countineachgrid cellin each country was summed until the cumulative
countmet the urban population defined above (urbanPop). All cellsin
the cumulative count were assigned value 1 (urban) and the rest were
assigned value O (rural).

Zonal statistics: administrative areas and socioclimatic bins
Forthethree administrative levels, we used the Global Administrative
Areas (GADM) levels 0,1and 2 for national, provincial and communal
areas, respectively.

All zonal statistics in the study were done with the zonal tool
in terra package (v.1.5-12) in R7®. Socioclimatic bins were created by
using global gridded data of aridity (global aridity index’®), human
development (human development index; see above) and popula-
tion counts for 2000-2019 (ref. 55). For the climatic factor, aridity
index—aratio of potential evaporation to precipitation—was chosen
to capture the different atmospheric and land surface processes
shaping terrestrial dryness. Aridity index has been used to assess
desertification under climate change®°. Here, the zonal analyses
were conducted by using a long-term estimate of net migration
(accumulated sum over the study period 2000-2019), which is why
the impacts of short-term events, such as natural disasters, are not
visible in the analysis.

Our binning divides global inhabited areas into 100 socioclima-
tologically analogous zones, which have similar human development
and climatic conditions. The binning was conducted in two steps. First,
we divided all considered grid cells into ten population-weighted
quantiles on the basis of HDI. After that, each HDI quantile was again
dividedinto ten population-weighted quantiles on the basis of aridity.
All values in the first aridity quantile of the first HDI quantile would
fall under the first bin (bin no. 0), while values in the second aridity
quantile of the first HDI quantile would go in the second bin (bin no.1).
Thedivision of binsisillustrated in Extended Data Fig. 7. This division
ensured thateach binincorporates~1% of the global population. The
binning represented as a heatmap could then be transformed into a
map representation (Extended DataFig. 8c). Urban and rural areasin
eachbincould be extracted by using the urban extent data (see above).
Global maps and description of the preprocessing of both human
development, aridity index and socioclimatic bins are available in
Extended DataFig. 8.

Impact calculations

Impact of total, rural and urban migration on respective populations
was calculated for each administrative unit, as well as for each sociocli-
maticbin. First, migration dataand population counts were aggregated
for each spatial unit for each year (2000-2019) by using zonal sum.
Then, total population change between 2019 and 2000 and accumu-
lated net migration were calculated for each unit:

popChange = popChange,;0 — popChange,oo 1)
2019

netMgrSum = )°
year=2001

netMgr, 12)

year

Population change without migration (natural population change)
could thenbe calculated by subtracting cumulative net migration from
total population change:

popChange_woMgr = popChange — netMgrSum (13)
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The impact of migration on population was deducted by com-
paring population change to cumulative net migration by using the
following criteria:

(1) popChange_woMgr > 0 & netMgrSum >0 Migration increases natural

population growth

Migration slows down
declining population

(2) popChange < 0 & netMgrSum > O

Migration turns declining
population to growth

(3) popChange_woMgr < 0 & popChange > 0O

(4) popChange_woMgr < 0 & netMgrSum <0  Migration increases natural

population decline

Migration slows down growing
population

(5) popChange > 0 & netMgrSum < 0

(6) popChange_woMgr > 0 & popChange <0  Migration turns growing

population to decline

Direction of migration

Thedirection of migrationwas studied inruraland urbanareas at three
administrative levels. Here, accumulated rural and urban net migration
over2000-2019 were calculated and compared to define the direction
of migration according to the following criteria:

(1) UrbanMgr > O & RuralMgr > 0 Urban and rural net migration positive:

net-receiving area

(2) UrbanMgr < O & RuralMgr <0 Urban and rural net migration negative:

net-sending area

(3) UrbanMgr < O & RuralMgr > 0 Urban net migration negative and rural
net migration positive: rural pull-urban

push

(4) UrbanMgr > O & RuralMgr <0 Urban net migration positive and
rural net migration negative: urban

pull-rural push

(5) UrbanMgr == O & RuralMgr==0 Urban and rural net migration are zero

Reporting summary
Furtherinformation onresearch designisavailableinthe Nature Port-
folio Reporting Summary linked to this article.

Data availability

Allthe datausedinthis study are publicly available. The resultant data-
sets are available at the following open-access repository https://doi.
org/10.5281/zenodo.7997134, including the following datasets: annual
global net migration rates at grid scale as a multiband GeoTIFF with
5arcminresolution for2000-2019; annual global net migrationrates for
admO0,admland adm2levels as polygon layers (gpkg-files); and annual
global birthand death rates as multiband GeoTIFFs with 5 arcmin resolu-
tion for2000-2019. Data are visualized inonline net migration explorer
athttps://wdrg.aalto.fi/global-net-migration-explorer/.Dataunderlying
the web application are available in the repository with all other data.

Code availability

The analysis was performed using RStudio (R v.4.1.2). The code is
available at https://github.com/mattikummu/global_net_migration.
git. The online net migration explorer was conducted using RStu-
dio (R v.4.2.2). The code is available at https://github.com/vvirkki/
net-migration-explorer.git.

References

1. World Migration Report 2020 (International Organization for

Migration, 2019).

Human migration. Nature 543, 21 (2017).

3. Hoffmann, R., Dimitrova, A., Muttarak, R., Crespo Cuaresma, J. &
Peisker, J. A meta-analysis of country-level studies on environmental
change and migration. Nat. Clim. Change 10, 904-912 (2020).

N

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Hoffmann, R. & Muttarak, R. Policy Brief: Environment, Migration
and Urbanisation: Challenges and Solutions for Low-and
Middle-Income Countries (Task Force 10: Migration) (Think20,
2021).

de Sherbinin, A. et al. Global Estimated Net Migration Grids by
Decade: 1970-2000 (NASA Socioeconomic Data and Applications
Center, 2015).

Alessandrini, A., Ghio, D. & Migali, S. Estimating Net Migration at
High Spatial Resolution, EUR 30261 EN (European Union, 2020).
Abel, G. J. & Sander, N. Quantifying global international migration
flows. Science 343, 1520-1522 (2014).

Abel, G. J. & Cohen, J. E. Bilateral international migration flow
estimates for 200 countries. Sci. Data 6, 82 (2019).

Bell, M. et al. Internal migration data around the world: assessing
contemporary practice. Popul. Space Place 21, 1-17 (2015).
Benveniste, H., Cuaresma, J. C., Gidden, M. & Muttarak, R. Tracing
international migration in projections of income and inequality
across the Shared Socioeconomic Pathways. Clim. Change 166,
39(2021).

Clemens, M. A. & Pritchett, L. Income per natural: measuring
development for people rather than places. Popul. Dev. Rev. 34,
395-434 (2008).

de Sherbinin, A. et al. Migration and risk: net migration in marginal
ecosystems and hazardous areas. Environ. Res. Lett. 7, 045602
(2012).

Niva, V. et al. Global migration is driven by the complex interplay
between environmental and social factors. Environ. Res. Lett. 16,
114019 (2021).

Abel, G. J., Brottrager, M., Crespo Cuaresma, J. & Muttarak, R.
Climate, conflict and forced migration. Glob. Environ. Change 54,
239-249 (2019).

Muttarak, R., Abel, G. J., Crespo Cuaresma, J. & Brottrager, M.
Commentary: Recent progress and future directions for research
related to migration and conflict. Glob. Environ. Change 71,
102401 (2021).

Selby, J., Dahi, O. S., Fréhlich, C. & Hulme, M. Climate

change and the Syrian civil war revisited. Polit. Geogr. 60,
232-244 (2017).

Sipavicieng, A. & Stankinieng, V. in Coping with Emigration in
Baltic and East European Countries Ch. 3 (OECD Publishing, 2013).
Zanamwe, L. & Devillard, A. Migration in Zimbabwe: A Country
Profile 2009 (International Organization for Migration, 2010).

Qi, W., Abel, G. J. & Liu, S. Geographic transformation of China’s
internal population migration from 1995 to 2015: insights from the
migration centerline. Appl. Geogr. 135, 102564 (2021).

Plane, D. A., Henrie, C. J. & Perry, M. J. Migration up and down the
urban hierarchy and across the life course. Proc. Natl Acad. Sci.
USA 102, 15313-15318 (2005).

Molloy, R., Smith, C. L. & Wozniak, A. Internal migration in the
United States. J. Econ. Perspect. 25, 173-196 (2011).

Jedwab, R., Christiaensen, L. & Gindelsky, M. Demography,
urbanization and development: rural push, urban pull and ...
urban push? J. Urban Econ. 98, 6-16 (2017).

Valenta, M., Jakobsen, J., Zuparié-llji¢, D. & Halilovich, H. Syrian
refugee migration, transitions in migrant statuses and future
scenarios of Syrian mobility. Refug. Surv. Q. 39, 153-176 (2020).
Mercandalli, S. et al. Rural Migration in sub-Saharan Africa:
Patterns, Drivers and Relation to Structural Transformation

(FAO and CIRAD, 2019).

Steinbrink, M. & Niedenfuhr, H. Africa on the Move: Migration,
Translocal Livelihoods and Rural Development in Sub-Saharan
Africa (Springer International Publishing, 2020).

Natale, F., Kalantaryan, S., Scipioni, M., Alessandrini, A. & Pasa, A.
Migration in EU Rural Areas (Publications Office of the European
Union, 2019).

Nature Human Behaviour


http://www.nature.com/nathumbehav
https://doi.org/10.5281/zenodo.7997134
https://doi.org/10.5281/zenodo.7997134
https://wdrg.aalto.fi/global-net-migration-explorer/
https://github.com/mattikummu/global_net_migration.git
https://github.com/mattikummu/global_net_migration.git
https://github.com/vvirkki/net-migration-explorer.git
https://github.com/vvirkki/net-migration-explorer.git

Resource

https://doi.org/10.1038/s41562-023-01689-4

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

30.

40.

41.

42.

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

Buckle, C. & Osbaldiston, N. Editorial introduction:
counter-urbanisation in contemporary Australia: a review of
current issues and events. Aust. Geogr. 53, 347-362 (2022).
Clark, S. L. In search of housing: urban families in rural xontexts.
Rural Sociol. 77,110-134 (2012).

Adger, W. N. et al. Urbanization, migration and adaptation to
climate change. One Earth 3, 396-399 (2020).

Marois, G., Bélanger, A. & Lutz, W. Population aging, migration and
productivity in Europe. Proc. Natl Acad. Sci. USA 117, 7690-7695
(2020).

Coleman, D. The demographic effects of international migration
in Europe. Oxf. Rev. Econ. Policy 24, 452-476 (2008).

Nikiforova, E. & Brednikova, O. On labor migration to Russia:
Central Asian migrants and migrant families in the matrix of
Russia’s bordering policies. Polit. Geogr. 66, 142-150 (2018).
Malit, F. & Al Youha, A. Kenyan Migration to the Gulf Countries:
Balancing Economic Interests and Worker Protection (MPI, 2016).
Rees, P. et al. The impact of internal migration on population
redistribution: an international comparison. Popul. Space Place
23, 2036 (2017).

Abel, G. J. Non-zero trajectories for long-run net migration
assumptions in global population projection models. DemRes 38,
1635-1662 (2018).

Abel, G. J. Estimates of global bilateral migration flows by gender
between 1960 and 20151. Int. Migr. Rev. 52, 809-852 (2018).

Bell, M. et al. Cross-national comparison of internal migration:
issues and measures. J. R. Stat. Soc. A 165, 435-464 (2002).
Birch, E. L. & Wachter, S. M. Global Urbanization (Univ.
Pennsylvania Press, 2011).

Black, R., Bennett, S. R. G., Thomas, S. M. & Beddington, J. R.
Migration as adaptation. Nature 478, 447-449 (2011).

Cattaneo, C. Migrant networks and adaptation. Nat. Clim. Change
9, 907-908 (2019).

Gemenneg, F. & Blocher, J. How can migration serve adaptation to
climate change? Challenges to fleshing out a policy ideal.

Geogr. J. 183, 336-347 (2017).

World Urbanization Prospects: The 2018 Revision (ST/ESA/
SER.A/420) (United Nations, 2019).

Niasse, M. & Varis, O. Quenching the thirst of rapidly growing and
water-insecure cities in sub-Saharan Africa. Int. J. Water Resour.
Dev. 36, 505-527 (2020).

Henderson, J. V., Storeygard, A. & Deichmann, U. Has climate change
driven urbanization in Africa? J. Dev. Econ. 124, 60-82 (2017).
Rogers, A. Requiem for the net migrant. Geogr. Anal. 22, 283-300
(1990).

Xu, C., Kohler, T. A., Lenton, T. M., Svenning, J.-C. & Scheffer, M.
Future of the human climate niche. Proc. Natl Acad. Sci. USA 117,
11350-11355 (2020).

Boas, I. et al. Climate migration myths. Nat. Clim. Change 9,
901-903 (2019).

The DHS Program (STATcompiler, accessed February 2021);
http://www.statcompiler.com

Live Births and Crude Birth Rate (Eurostat, accessed February
2021); https://ec.europa.eu/Eurostat/databrowser/

Regional Statistics, Mortality Crude Rates by Cause of Death, Large
TL2 Regions, Small TL3 Region (OECD, accessed February 2021);
https://doi.org/10.1787/region-data-en

Deaths and Crude Death Rate (Eurostat, accessed February 2021);
https://ec.europa.eu/Eurostat/databrowser/

The Demographic and Health Surveys Program (Spatial Data
Repository, accessed May 2021); https://spatialdata.dhsprogram.
com/home/

Geodata for NUTS (Nomenclature of Territorial Units for Statistics)
(Eurostat, accessed May 2021); https://ec.europa.eu/Eurostat/
web/gisco/geodata/reference-data

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

7.

72.

73.

74.

75.

Geospatial Data of the Large TL2 Regions (OECD, accessed May
2021); https://www.oecd.org/regional/regional-statistics/
WorldPop Hub (WorldPop, accessed 2021); https://doi.
org/10.5258/SOTON/WP0O0647

Klein Goldewijk, K., Beusen, A., Doelman, J. & Stehfest, E. New
anthropogenic land use estimates for the Holocene; HYDE 3.2.
Earth Syst. Sci. Data 9, 927-953 (2017).

Gleick, P. H. Methods for evaluating the regional hydrologic
impacts of global climatic changes. J. Hydrol. 88, 97-116

(1986).

Administrative Divisions of Countries (Statoids, accessed May
2021); http://statoids.com

Kummu, M., Taka, M. & Guillaume, J. H. A. Gridded global datasets
for gross domestic product and human development index over
1990-2015. Sci. Data 5, 180004 (2018).

Kyriakidis, P. C. & Geostatistical, A. Framework for area-to-point
spatial interpolation. Geogr. Anal. 36, 259-289 (2004).
Murakami, D. & Tsutsumi, M. Area-to-point parameter estimation
with geographically weighted regression. J. Geogr. Syst. 17,
207-225 (2015).

Kallio, M. et al. Unpacking dasymetric modelling to correct spatial
bias in environmental model outputs. Environ. Model. Softw. 157,
105511 (2022).

Babies per Woman Compared to Mean Years in School and Income
(Gapminder, accessed May 2022); www.gapminder.org

James, W. H. M. et al. Gridded birth and pregnancy datasets for
Africa, Latin America and the Caribbean. Sci. Data 5, 180090
(2018).

Smits, J. & Permanyer, |. The subnational human development
database. Sci. Data 6, 190038 (2019).

Pezzulo, C. et al. Subnational mapping of population pyramids
and dependency ratios in Africa and Asia. Sci. Data 4, 1770089
(2017).

WorldPop Hub (WorldPop, accessed February 2021);
https://doi.org/10.5258/SOTON/WP00654

Fantom, N. & Serajuddin, U. The World Bank'’s Classification

of Countries by Income (World Bank, 2016); https://doi.
org/10.1596/1813-9450-7528

Chen, Y., Zhang, R., Ge, Y., Jin, Y. & Xia, Z. Downscaling census
data for gridded population mapping with geographically
weighted area-to-point regression kriging. IEEE Access 7,
149132-149141 (2019).

Population by 5-year Age Groups, Small Regions TL3 (OECD,
accessed February 2021); https://doi.org/10.1787/region-data-en
Population Change—Demographic Balance and Crude Rates at
Regional Level (NUTS 3) (Eurostat, accessed February 2023);
https://ec.europa.eu/Eurostat/databrowser/

Number of Internal Migrants for City, County and District

(KOSIS, accessed February 2023); https://kosis.kr/statHtml/
statHtml.do?orgld=101&tblld=DT_1B26001_A01&conn_
path=12&language=en

Winkler, R., Johnson, K., Cheng, C., Voss, P. & Curtis, K.
County-Specific Net Migration by Five-Year Age Groups, Hispanic
Origin, Race and Sex: 2000-2010: Version 1(ICPSR, 2013);
https://doi.org/10.3886/ICPSR34638.V1

World Population Prospects 2022: Data for Net Migration Rate
(Per 1,000 Population) (UN, accessed February 2023);
https://data.un.org/

Pesaresi, M., Florczyk, A., Schiavina, M., Melchiorri, M. &
Maffenini, L. GHS Settlement Layers, Updated and Refined
REGIO Model 2014 in Application to GHS-BUILT R2018A and
GHS-POP R2019A, Multitemporal (1975-1990-2000-2015)
(European Commission, Joint Research Centre, accessed

April 2022); https://doi.org/10.2905/42E8BE89-54FF-464E-BE7B-
BFOE64DA5218

Nature Human Behaviour


http://www.nature.com/nathumbehav
http://www.statcompiler.com
https://ec.europa.eu/eurostat/databrowser/
https://doi.org/10.1787/region-data-en
https://ec.europa.eu/eurostat/databrowser/
https://spatialdata.dhsprogram.com/home/
https://spatialdata.dhsprogram.com/home/
https://ec.europa.eu/eurostat/web/gisco/geodata/reference-data
https://ec.europa.eu/eurostat/web/gisco/geodata/reference-data
https://www.oecd.org/regional/regional-statistics/
https://doi.org/10.5258/SOTON/WP00647
https://doi.org/10.5258/SOTON/WP00647
http://statoids.com
http://www.gapminder.org
https://doi.org/10.5258/SOTON/WP00654
https://doi.org/10.1596/1813-9450-7528
https://doi.org/10.1596/1813-9450-7528
https://doi.org/10.1787/region-data-en
https://ec.europa.eu/eurostat/databrowser/
https://kosis.kr/statHtml/statHtml.do?orgId=101&tblId=DT_1B26001_A01&conn_path=I2&language=en
https://kosis.kr/statHtml/statHtml.do?orgId=101&tblId=DT_1B26001_A01&conn_path=I2&language=en
https://kosis.kr/statHtml/statHtml.do?orgId=101&tblId=DT_1B26001_A01&conn_path=I2&language=en
https://doi.org/10.3886/ICPSR34638.V1
https://data.un.org/
https://doi.org/10.2905/42E8BE89-54FF-464E-BE7B-BF9E64DA5218
https://doi.org/10.2905/42E8BE89-54FF-464E-BE7B-BF9E64DA5218

Resource

https://doi.org/10.1038/s41562-023-01689-4

76. Zhou, Y. et al. A global map of urban extent from nightlights.
Environ. Res. Lett. 10, 054011 (2015).

77. Gao, J. & O’'Neill, B. C. Mapping global urban land for the 21st
century with data-driven simulations and Shared Socioeconomic
Pathways. Nat. Commun. 11, 2302 (2020).

78. Hijmans, R. J. terra: Spatial data analysis. R package version 1.4-11
(2021).

79. Trabucco, A. & Zomer, R. Global aridity index and potential
evapotranspiration (ETO) climate database v2. figshare
https://doi.org/10.6084/m9.figshare.7504448.v3 (2019).

80. Cherlet, M. et al. World Atlas of Desertification: Rethinking
Land Degradation and Sustainable Land Management 3rd edn.
(Publications Office of the European Union, 2018); https://www.
preventionweb.net/publication/world-
atlas-desertification-rethinking-land-
degradation-and-sustainable-land-management

Acknowledgements

This study was funded by Maa- ja vesitekniikan tuki ry, the European
Research Council under the European Union’s Horizon 2020 research
and innovation programme (SOS.aquaterra project; grant no. 819202),
the European Research Council under the European Union’s Horizon
2020 research and innovation programme (POPCLIMA project,

grant no. 101002973), the Aalto University School of Engineering,

the Academy of Finland (TREFORM project; grant no. 339834), the
Academy of Finland (WATVUL project; grant no. 317320) and the
National Science Foundation of China funding research fund for
International Young Scientists (grant no. 41950410572). The funders
had no role in study design, data collection and analysis, decision

to publish or preparation of the manuscript. We would like to

thank M. Jalava from Aalto University for help with issues related to
computations and setting up a server for the web application.

Author contributions

V.N. and M. Kummu designed the research. Data collection and
processing was led by M. Kummu and M. Kosonen with help from

A.H., VV., M.H., M. Kallio, P.K. and V.N. V.N. and M. Kummu performed
the analysis with help from A.H. V.V. created the online net migration
explorer. V.N. and M. Kummu created the illustrations. All authors
discussed the methods and results and helped shape the research and
analysis. V.N. and M. Kummu took the lead in writing the manuscript
with important contributions from all authors.

Funding
Open Access funding provided by Aalto University.

Competing interests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41562-023-01689-4.

Supplementary information The online version contains supplementary
material available at https://doi.org/10.1038/s41562-023-01689-4.

Correspondence and requests for materials should be addressed to
Venla Niva or Matti Kummu.

Peer review information Nature Human Behaviour thanks Elin
Charles-Edwards, Yuehong Chen and the other, anonymous,
reviewer(s) for their contribution to the peer review of this work.
Peer reviewer reports are available.

Reprints and permissions information is available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2023

Nature Human Behaviour


http://www.nature.com/nathumbehav
https://doi.org/10.6084/m9.figshare.7504448.v3
https://www.preventionweb.net/publication/world-atlas-desertification-rethinking-land-degradation-and-sustainable-land-management
https://www.preventionweb.net/publication/world-atlas-desertification-rethinking-land-degradation-and-sustainable-land-management
https://www.preventionweb.net/publication/world-atlas-desertification-rethinking-land-degradation-and-sustainable-land-management
https://www.preventionweb.net/publication/world-atlas-desertification-rethinking-land-degradation-and-sustainable-land-management
https://doi.org/10.1038/s41562-023-01689-4
https://doi.org/10.1038/s41562-023-01689-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Resource https://doi.org/10.1038/s41562-023-01689-4

Data origin for
birth data
Subnational level
M Censuses
¥ EUROSTAT
[ | StatCompiler
National level
UN and other sources

Data origin for
death data
Subnational level
M censuses

[ EUROSTAT
[ oECD

National level
UN and other sources

Extended Data Fig. 1| Origin of datasets used. Origin of the datasets used for a) birth rates and b) death rates. See Methods for more details. Sources for the data are
provided in Supplementary Data Table. The geospatial files used in the maps are from The DHS Program®, Eurostat**, OECD** and GADM (www.gadm.org).
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Extended DataFig. 2 | Input variables used for downscaling birth and death (d) share of life lived for an average person. Each dataset includes annual values
rates. (a) Human Development Index, (b) population density, scaled between for each year over 2000-2019 - shown here are the data for the last timestep, that
0-1, (c) share of women of reproductive age (15-49) of total population and is year 2019.
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Extended Data Fig. 3| Urban and rural areas. Example of (a) global urban areas in 2019 and in three timesteps (b: 2000, c: 2010, d: 2019) in the South China Sea
around the Malaysian peninsula.
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Extended Data Fig. 4 | Regional division. Regional division based on the UN country grouping.
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Extended Data Fig. 5| Net migration in rural and urban areas. Net migration in urban and rural grid cells in three timesteps: 2000 (a,b), 2010 (c,d) and 2019 (e, f).
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Extended Data Fig. 6 | Cumulative net migration in urban and rural areas. Cumulative net migration (per 1000 urban and rural inhabitants in each administrative

unit) inurban and rural areas over 2000-2019. Three administrative levels are shown: a-b: communal (admin 2 level), c-d: provincial (admin1level) and e-f: national
(adminOlevel).
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Extended Data Fig. 7 | Schematicillustration of creating the socioeconomic bins. lllustration of how the Human Development Index (HDI) and Aridity (Al) were

combined to create socioeconomic bins. Each bin includes ca 1% of global population.

Nature Human Behaviour


http://www.nature.com/nathumbehav

Resource https://doi.org/10.1038/s41562-023-01689-4

a Human Development Index (HDI)

' HDI []
0.0
0.1
0.2

ey
0.6
0.8
0.9
1.0

b Global aridity index (Al)

Al [-]
0.00
0.03
0.20
0.35
0.50
0.65
0.80
1.00
1.25

>1.50

¢ Socio-climatic bins

4:&'
A
%)
[0}
7]
@©
“ (0]
| .
o
£
=)
I >
Dry Wet

Humidity increases

Extended Data Fig. 8 | Socioclimatic bins with the input data for them. Global maps of (a) human development index, (b) global aridity index and (c) socioclimatic
bins. Each binincludes ca 1% of global population. See Methods for more details.

Nature Human Behaviour


http://www.nature.com/nathumbehav

nature portfolio

Corresponding author(s): Matti Kummu

Last updated by author(s): Jun 6, 2023

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
=
C
=
™
o
©)
=
&5
>
—
D
°
©)
=
=2
Q
(%]
(-
3
3
Q
s

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a | Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
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Our web collection on statistics for biologists contains articles on many of the points above.
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R-scripts created for data processing, analysis and visualisation will be made openly available in GitHub upon publication.
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- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All the data used in this study are publicly available. The resulted datasets are available at the following open-access repository: http://doi.org/10.5281/
zenodo.7997134, including the following datasets: annual global net-migration rates at grid scale as a multiband GeoTIFF with 5 arc-min resolution for 2000-2019;




annual global net-migration rates for adm0, adm1 and adm?2 levels as polygon layers (gpkg-files); and annual global birth and death rates as multiband GeoTIFFs

with 5 arc-min resolution for 2

000-2019.

Data is visualised in online net-migration explorer at https://wdrg.aalto.fi/global-net-migration-explorer/. Data underlying the web application is available in the

repository with all other data.
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This study utilizes quantitative demographic, environmental and socio-economic data to 1) construct a novel quantitative gridded
global dataset of human net-migration, and 2) conduct a quantitative analysis describing key features and underlying structures of
the produced data in relation to several demographic, socio-economic and environmental factors.

All data used in this study are openly available. The existing datasets for sub-national birth and death ratios are: national censuses,
EuroStat database (1), StatCompiler (2), UN databases (3) and OECD databases (4). The origin of dataset for each country is specified
in the Supplementary materials (Figure S8) provided in the submission.

Other datasets used include: aridity index (5), HDI (6&7), WorldPop 'population density' (8) and ‘Age and sex structures’ datasets (8).

1. EUROSTAT, “Live births and crude birth rate” (The statistical office of the European Union, Unit F2: Population and migration
statistics, Luxembourg, 2021), (available at https://ec.europa.eu/eurostat/web/products-datasets/-/tps00204).

EUROSTAT, “Deaths and crude death rate” (The statistical office of the European Union, Unit F2: Population and migration statistics,
Luxembourg, 2021), (available at https://ec.europa.eu/eurostat/web/products-datasets/-/tps00029).

2. The DHS Program, STATcompiler (https://www.statcompiler.com/en/).

3. Statistics Division of the United Nations Secretariat, Standard country or area codes for statistical use (M49) - Geographic Regions.
(2021), (available at https://unstats.un.org/unsd/methodology/m49/).

4. OECD, Mortality crude rates by cause of death, large TL2 regions, small TL3 regions (2021).

5. A. Trabucco, R. Zomer J., Global Aridity Index and Potential Evapo-Transpiration (ETO) Climate Database v2 (2018), (available at
https://cgiarcsi.community).

6. M. Kummu, M. Taka, J. H. A. Guillaume, Gridded global datasets for Gross Domestic Product and Human Development Index over
1990-2015. Scientific Data. 5, 180004 (2018).

7.J. Smits, |. Permanyer, The Subnational Human Development Database. Scientific Data 6, 190038 (2019).

8. WorldPop (www.worldpop.org - School of Geography and Environmental Science, University of Southampton; Department of
Geography and Geosciences, University of Louisville; Departement de Geographie, Universite de Namur), Center for International
Earth Science Information Network (CIESIN), Columbia University, Global High Resolution Population Denominators Project - Funded
by The Bill and Melinda Gates Foundation (OPP1134076), (available at https://dx.doi.org/10.5258/SOTON/WP00647).

Data collection and processing are described in detail in the Methods.

We did do sampling in the analysis as we used all available data.

Data for sub-national birth and death ratios were manually collected from several sources (see above), and compiled into one
spreadsheet provided as supplementary material. Missing datapoints were filled with linear interpolation and extrapolation. The
procedure is described in detail in the Methods section.
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Timing The data collected covers years 2000-2019.

Data exclusions No data were excluded in the analysis.
Non-participation The study solely used existing demographic data and did not engage individuals in data collection.
Randomization We used all the available data and thus no randomization was needed.
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