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RESEARCH ARTICLE

Income strongly moderates climate-driven migration
Gaurav Khannaa,b,1 , Pascal Polonika,b,c , Jessica S. Wanb,d , Jacopo Lunghie,f , Idaliya Grigoryevag , and Katharine Rickea,b,1

Understanding how climate change will reshape human migration

remains an open empirical challenge. Migration decisions reflect a

complex interplay of environmental and socioeconomic factors, yet

existing data and models have struggled to capture this interaction

at a global scale. To address this, we assemble spatially granular,

long-panel migration data covering nearly the entire world and

develop a statistical model that captures how both climate and

income dynamics shape rural-to-urban migration responses. Using

this new approach, we uncover a strong and globally robust

dependence of climate-driven migration on income levels, as well as

a nonlinear relationship between internal migration and climate. We

then use these relationships, together with international migration

data, to project how immigration pressures will be shaped by the

interaction between warming and income growth. Our findings show

that the magnitude and geography of climate-induced migration

will depend critically on how quickly incomes rise across the world.

climate migration | income | adaptation | internal migration

Main Text:

Prospects for climate-driven human migration, while potentially

of significant consequence for societies and policymakers, remain

di!cult to project (1, 2). This challenge stems both from the complexity
of migration decisions (shaped jointly by environmental shocks and income
opportunities) and from the lack of harmonized, spatially granular data tracking
migration over time and across the globe (3–5). Climate change can alter
migration patterns by reshaping local economic opportunities, agricultural
productivity, and living conditions (6–8). Yet, there may be substantial
heterogeneity in these responses across settings, reflecting variation in both
climatic exposure and the capacity to adapt or move (9–12).

Prior research has documented nonlinearities in temperature–migration
relationships (13, 14), income dependence in climate sensitivity (8, 15, 16),
and larger responses in rural settings (17–19). Di!erent lines of work have
provided these insights through varying lenses: some analyzing specific countries
or regions, others using coarser spatial units or shorter time horizons, and
still others o!ering global correlations or projections (20, 21). Each of these
perspectives sheds light on part of the overall relationship between climate and
migration, yet these insights have typically been examined separately. Here we
combine these elements in a comprehensive framework, assembling spatially
granular migration data that span nearly the entire world and developing
a long-run panel model that captures within-location variation over more
than four decades. The analysis is conducted at the level of half-degree
(0.5→ → 0.5→) grid cells intersected with first-level administrative regions, rather
than only at national or large subnational scales. Our model focuses on
internal, predominantly rural-to-urban migration, which serves as a key channel
through which climate pressures manifest and accumulate within countries
(15, 22). Given the heterogeneity in these responses across income levels
and the structure of existing cross-border migration links, this framework
provides a comprehensive global analysis that connects internal movements
to international migration pressures and enables projections of how global
migration pressures may evolve under warming and income-growth scenarios.

Recent data e!orts have produced spatially resolved hindcasts of net
migration in 5-year intervals using a combination of satellite and census data,
yielding the most consistent and transparent global migration estimates to
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date, validated against o”cial statistics (5). For the
following analysis, we carefully partition rural observations
(see Materials and Methods), focusing on rural-to-urban
migration for two reasons. First, the literature shows
that rural communities are substantially more climate
sensitive (8, 17, 23). Second, urbanization has been
the dominant form of internal migration over the past
century (24, 25), so even small climate-driven shifts in
rural-to-urban flows translate into a large share of total
climate-induced movement. Because this type of migra-
tion dwarfs other forms of internal migration at the global
scale, it provides a natural starting point for quantifying
overall climate-driven migration pressures. Our dependent
variable, rural out-migration, is derived directly from
net migration estimates. We interpret changes in net
migration for rural locations as changes in rural outflows,
an assumption justified by the overwhelming dominance
of rural-to-urban moves relative to urban-to-rural or
long-distance rural-to-rural moves across most of the
world over the past half-century (24–26). Outside some
supporting sensitivity analysis, we exclude all observations
corresponding to urban areas from our primary analysis,
thereby setting aside urban-to-urban mobility, the other
major component of internal migration.

We develop a two-stage analytical framework to project
future internal and international migration pressures
(Fig. 1). First, we estimate income-dependent rela-
tionships between climate variations and rural-to-urban
migration over 5-year intervals using panel data on
historical grid-cell rural migration rates (5) and income
measures (27), matched to grid-cell climate (28, 29).
Panel data repeatedly observe the same grid-cell over
time, allowing to compare within-cell changes across
di!erent periods. We then apply these estimated historical
relationships to climate projections (30) for the coming
decades to construct grid-cell level forecasts of climate-
driven rural out-migration. Second, we use panel analysis
of harmonized international survey data (31) to quantify
how country-level internal migration patterns shape
international emigration. These estimated linkages are
embedded within a source–receptor model (32, 33) to
project changes in international migration pressures under
scenarios that both exclude and incorporate future income
growth.

Income as the dominant moderator of climate-driven
migration

Income can shape climate-driven migration through
several channels. Low-income households often lack the
liquidity to finance migration and can become “trapped” in
place when adverse conditions intensify (10, 11). Middle-
income households have both the resources to move and
livelihoods that remain vulnerable to climatic shifts, mak-
ing them the most responsive. High-income households,
by contrast, tend to have better local opportunities,
alternative adaptation strategies, and derive livelihoods
less directly tied to climate-sensitive sectors (8, 9, 34),
dampening their migration response. Consistent with
the theoretical outcome of combining these competing
moderating e!ects, we find a strong inverted-U-shaped
income gradient in the relationship between climate
variation and rural out-migration. This pattern implies
that climate-driven emigration peaks among middle-

income populations. While prior studies on rural–urban
migration (15), cross-border migration (35), and internal
rural mobility (36) have each documented versions of this
inverse-U pattern, these insights have largely emerged
from specific national or regional contexts. Our analysis
provides the first comprehensive and globally consistent
evidence that this relationship is a universal feature of
climate-driven migration.

In our analysis, income levels vary across grid cells,
allowing us to examine how the climate–migration re-
lationship changes across the income distribution. We
identify the inverted-U-shaped income gradient in the
historical relationships between both temperature and
precipitation variations and rural out-migration (Fig. 2A-
B). Accounting for these nonlinear interactions between
climate and income is essential for identifying the climate
e!ects on rural-to-urban migration. In contrast, models
that include temperature and precipitation alone, or only
linear interactions with income, yield e!ects that are
neither consistent nor statistically significant (p<0.05)
(Table S2).

In the inverse-U-shaped relationship between
temperature-induced rural out-migration and income
(Fig. 2A), migration rates peak among middle-income
groups that may have more financial resources to migrate
and be economically exposed to rising temperatures.
A similar pattern emerges for precipitation changes
(Fig. 2B). We control for the underlying, climate-
independent association between rural out-migration and
income in our estimation, but omit it from the projections
(see Methods), as the causal direction between income
and migration is inherently ambiguous, and our objective
is to isolate the climate-induced component of migration.

We project future changes to internal migration for
several prominent countries in the temperature–income
space (Fig. 2D), with arrows indicating projected changes
under the SSP2-4.5 “middle-of-the-road” scenario. India,
for example, currently experiences high temperatures and
is middle-income; further warming is likely to increase
rural emigration, and the amount of income growth
expected over the next 25 years exacerbates this e!ect.
In China, warming likewise increases emigration, but
rising incomes expand adaptation options as China’s
baseline income has already surpassed the income at which
migration rate peaks. Unlike in India, rising incomes in
China are therefore expected to reduce climate-driven
rural out-migration. Rising incomes also dampen the
sensitivity of rural out-migration to precipitation changes
(Fig. 2E).

By contrast, and consistent with both the construction
of the dataset and dominant migration patterns over the
past four decades, climate-driven migration in urban areas
follows an inverse, but statistically weaker relationship
than in rural settings (Table S7, Fig. S4). Temperature-
driven urban in-migration also reaches its minimum at
middle incomes, reflecting urbanization as an adaptation
response to rural climate shocks.

Climate’s signature in historical rural migration

After controlling for nonlinear income dependence, we
find that – while sensitivities vary – warmer and drier
conditions are associated with higher rural out-migration
rates (Fig. S5). The e!ects of temperature and precipita-
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Fig. 1. Schematic of Data Processing & Analysis. We assemble a global grid-cell panel (1980–2020) with net migration, population, 2015 urban–rural boundaries, per-capita
income (1990–2020), temperature, and precipitation, using administrative boundaries for clustering. We then combine these data with several sources of administrative boundaries
to maximize global coverage of subnational units across countries to construct the panel data at the main unit of analysis: grid cell by administrative region. These data identify the
historical relationship between climate and rural-to-urban migration via fixed-effects econometric models with income interactions (Materials and Methods). Fixed-effects models
account for persistent differences across grid-cells, focusing on changes from a baseline outcome occurring within grid-cells over time. Using the estimated historical relationships
from the econometric model and combining them with projections for 2020–2050 of population, income, temperature, and precipitation, we generate future climate-driven internal
migration rates at the grid-cell level. In the lower part of the figure, we describe how an auxiliary specification links internal migration to international immigration using country-level
data on immigration and income, and a source–receptor accounting of bilateral flows to translate grid-cell movements into country-level out-migration and in-migration pressure
(based on Abel and Cohen flow matrices (32, 33)). White boxes denote data inputs (solid outlines for grid-cell data and dashed boxes for country-level data). Gray boxes denote
analysis steps, and blue boxes denote derived model estimations and projection output. Blue arrows trace the flow of our empirical estimations and projections modeling: from
historical estimations to capture the historical relationship between climate and migration to future projections, with additional analyses aggregating our grid-cell level data to
country-level estimates. See Materials and Methods for data sources, variables, and the full model specifications.

tion on rural out-migration are highly significant (p<0.01)
(Table S2).

While in most places warmer temperatures drive higher
emigration rates, the dependence is nonlinear. The
marginal e!ect of additional warming varies substantially
by income, with higher sensitivity for rich locations at
high temperatures and poor locations at low temperatures
(Fig. 2D, Fig. S5A). Contrary to the rest of the world,
in the poorest, hottest places, each warmer five-year
period dampens migration, possibly driven by the high
damages of heat shocks in the most climate vulnerable
societies (37), likely restricting households’ ability to
finance moves. We note that climate-driven migration
in our 45-year study period has occurred in the context
of a universally warming climate (Fig. 2C), making our
findings challenging to disentangle from lower-frequency
(multidecadal) variability.

Precipitation-driven rural out-migration likewise ex-
hibits a robust nonlinear income dependence (Fig. S5B),
but we do not identify any significant nonlinearity in the
relationship between precipitation itself and migration.
Drier conditions are associated with higher rural out-
migration in both the highest and lowest income locations
and a small but statistically insignificant decrease at mid-
dle incomes (Fig. 2E, Fig. S5). Unlike temperature, rural
locations in the dataset experience a more heterogeneous

range of low-frequency changes to precipitation, both
wetting and drying over the study period (Fig. 2F).

Because migration decisions often unfold over time and
individuals may not relocate in response to a single short-
lived shock, we view a five-year period as a reasonable in-
terval of analysis. Moreover, globally consistent, spatially
resolved migration data are typically unavailable at shorter
timescales, making the five-year focus both practical and
conceptually appropriate. Our main estimand is the
relationship between plausibly exogenous climate variation
and migration, conditional on grid-cell and time fixed
e!ects, but we use distributed-lag exercises to test whether
this relationship is materially altered when allowing
for delayed climate responses. In order to investigate
whether five-year mean temperature and precipitation
are su”cient climate metrics for migration analysis, the
explanatory power of additional measures of climate and
climate change, as well as one-period lagged climate and
migration variables, were tested in alternative model
specifications (see Materials and Methods). Measures
of the rate of temperature and precipitation change (i.e.,
trend) and the volatility of climate state (i.e., variability)
were generated from the same environmental observations
(28, 29) (Fig. S11). While we find that in some cases
the rate of change or the higher-frequency variability
to have a statistically significant relationship with rural
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Fig. 2. Empirical characterization of climate-driven migration. Climate-driven rural out-migration rate shown as a function of log(GDPpc) and temperature (A) and precipitation
(B) in color. Line width indicates the number of historical observations in the bin. Joint climate and log(GDPpc) results are shown in shaded contours for temperature (C) and
precipitation (D), with the historical and 2050 projected (SSP2-4.5) distributions shown in contour lines. The arrows indicate the change from 2015 to 2050 of select countries
(China, CHN; Ethiopia, ETH; Germany, DEU; India, IND; South Africa, ZAF; the United States, USA) for SSP2-4.5. Though the absolute values differ, the range of shading is the
same in (D) and (E). Lastly, we include binned histograms of trends over the observational period of temperature (C) and precipitation (F).

out-migration (Fig. S9), the magnitude of the e!ect of
changes to these variables on projected future rural out-
migration is minimal compared to the e!ect of five-year
mean temperature or precipitation.

To take an agnostic approach to variable selection in
the face of extensive model specification options, we also
applied a LASSO (Least Absolute Shrinkage and Selection
Operator) variable-selection approach to select and test
the implications of alternative model specifications. The
LASSO helps identify the most relevant predictors from
a large set of potential confounders while limiting the
risk of overfitting (see Materials and Methods). We
found that LASSO-generated models considering a wider
selection of climate metrics and their linear combination
did not provide additional power or substantially alter
the projections relative to the more parsimonious and
interpretable model we present here (Tab. S6). We test the
global temperature relationship identified by our preferred
specification at the grid-cell level (akin to (38)), and find
that the global and local linear slopes are statistically
indistinguishable for approximately 78% of grid cells
(Fig. S6), and at least 72% of grid cells on all continents
(Fig. S7).

Using our model of historical climate migration, climate
model output, and gridded estimates of future income, we
apply a Monte Carlo approach to project future climate-
driven migration that accounts for empirical climate
and statistical model uncertainties under four Shared
Socioeconomic Pathways (SSP1-2.6, SSP2-4.5, SSP3-7.0,
and SSP5-8.5). The results are shown in Fig. 3, and
further details in the Methods section.

Projections using fixed 2015 income levels consistently
show an increase in climate-driven rural out-migration
nearly everywhere (Fig. 3, Fig. 3A) with the largest
changes and uncertainty associated with the higher
warming pathways (SSP3-7.0 and SSP5-8.5). However,
including income growth reduces climate-induced rural
migration in much of the world, because many locations
are already near or beyond the income at which climate-
driven migration is maximized (Fig. 4A, Fig. 4B, Fig. 3B).
In this income-varying case, the largest changes and
uncertainty associated with the high growth pathways
(SSP1 and SSP5) illustrate the dominance of income
in determining climate-driven rural migration pressures
(Fig. 3B).

Robust increases in rural out-migration are concen-
trated in relatively few countries in parts of Africa and
Asia (Fig. 4B). Most countries are projected to have
substantial decreases in rural out-migration when both
climate and income are allowed to vary. This includes
wealthier regions — such as North America and Europe,
but also parts of China, Indonesia, Latin America, and
South Africa — which all experience lower out-migration
as higher incomes facilitate alternative adaptation strate-
gies. By contrast, sub-Saharan Africa, the Middle
East, and Central Asia continue to exhibit high rates of
rural–urban migration. In these regions, projected income
growth from low to middle levels increases households’
ability to finance migration while livelihoods remain highly
climate-sensitive, thereby sustaining elevated migration
flows (8). Consistent with our finding of income as
the driving moderator of climate-driven migration, the
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Fig. 3. Projected changes to climate-driven migration rates in 2050 relative to 2015 for select countries and for different SSPs, together with the associated
uncertainties. Projections using a changing climate and fixed income are shown in (A), and projections using a changing climate and changing income are shown in (B).
Shared Socioeconomic Pathways (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) are designated by color. Countries are labeled with ISO 3166 codes. Uncertainty ranges are
decomposed into statistical uncertainties that arise from errors associated with the regression and climate uncertainties that arise from differences between climate models
(indicated in hatching).

magnitude of migration rate is generally much larger when
using time-varying income projections. Since global and
local economic growth vary by socioeconomic scenario,
the timing and magnitude of projected changes is sensitive
to the choice of SSP (Fig. 3B).

Cross-border migration pressures

Changes in rural–urban migration are also likely to
generate migratory pressures across national borders.
Increased internal mobility can exacerbate urban stresses,
which in turn may spur greater emigration abroad. To
examine these dynamics, we use the IPUMS International
database (31), which harmonizes census and survey data
from 43 countries over 1985–2017 (see Materials and
Methods). Country-level internal migration is strongly
and significantly associated with subsequent international
migration pressures (Fig. S10). To project the likely
destinations of these emigrants, we draw on historical bi-
lateral migration patterns (32, 33). Combining these steps
allows us to illustrate that the geographic distribution of
future migratory pressures worldwide will depend strongly
on economic development trajectories (Fig. 4C–F). We
characterize our projected changes in international mi-
grants and associated increases or decreases in migration
“pressures,” recognizing that strong and adaptive policy
constraints on international immigration mean that even
where motivation to migrate exists, feasible pathways may
not.

Keeping income levels constant, China emerges as
a major sending country (due, in part, to its large
population), with roughly 819,000 projected migrants
over each 5-year period (Fig. 4C, Table S5). However,

when income growth is incorporated (Fig. 4D), China’s
projected emigration declines sharply, consistent with the
idea that rising incomes facilitate alternative adaptation
strategies and reduce climate sensitivity. By contrast, out-
migration pressures from India and several sub-Saharan
African countries increase markedly, intensifying cross-
border migration pressure. Under SSP2-4.5, in 2050,
average income in rural India is projected to be close
to those associated with peak climate-driven migration.
We project that in 2050, in India alone, out-migration
pressure increases by about one million migrants every
five years.

Reflecting its historical role as a primary destination
for migrants from Latin America and China, the United
States shows the largest projected increases in inflow
pressures when incomes are held constant (Fig. 4E),
receiving roughly 432,000 climate migrants every 5 years.
Yet when income growth is incorporated (Fig. 4F), U.S.
border pressures are instead projected to decrease by
833,000 migrants every five years, as many key sending
countries may adapt through non-migration strategies
or experience reduced climate dependence. In contrast,
intra-African migration pressures intensify, with several
African countries projected to experience increased inflow
pressures from neighboring states experiencing rising
emigration rates.

Robustness. We subject our main results to a series of
robustness checks that examine whether they depend on
functional form, interaction structure, sampling variation,
or specific modeling choices (details in Methods: Robust-
ness Analyses). Across these exercises, the qualitative
conclusions remain unchanged.
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Fig. 4. Projections of climate-induced rural out-migration rates and international migration in 2050 relative to 2015. Change in climate-induced rural out-migration rate (A,
B), change in climate-induced international in-migrant number (C, D), and change in climate-induced international out-migrant number (E, F). The top row (A, C, E) shows results
for projections in which income is fixed at 2015 levels and only the climate is changed. The bottom row (B, D, F) shows results for projections in which both income and climate
change.

We begin by comparing the global nonlinear specifica-
tion to local linear relationships estimated separately at
each rural grid cell. Approximately 78% of grid cells have
local linear temperature coe”cients whose 95% confidence
intervals contain the marginal e!ect implied by the global
model when evaluated at the corresponding covariate
values (Fig. S6). These grid cells are geographically
dispersed and do not cluster in particular regions of the
world; in every continent, at least 72% of grid cells pass
this test (Fig. S7). The results are insensitive to whether
income enters linearly or quadratically and to the inclusion
of precipitation as a control, indicating that the global
nonlinear relationship is broadly consistent with locally
estimated e!ects.

Next, we assess how results evolve as the specification
is built up incrementally. When the model includes
only climate variables and fixed e!ects (i.e. excluding
income) temperature terms are not statistically significant,
and only precipitation shows any statistical significance
(p < 0.05 for precipitation, p > 0.1 for temperature terms;
Table S2). Only when including both quadratic temper-
ature with quadratic income interactions do the results
become highly significant (p<0.01). Adding a quadratic
precipitation term eliminates statistical significance for
precipitation entirely, which we interpret as overfitting;
for this reason, we retain a parsimonious linear precipi-
tation term in the preferred specification. Importantly,
projection results are not materially a!ected by these
modeling choices (Fig. S9, comparing specifications 1 and
0). Repeating the analysis with standard errors clustered
at the country level yields larger p-values, as expected, but
most terms remain statistically significant at conventional
levels (Table S3).

We then turn to sampling uncertainty. Monte Carlo re-
sampling exercises show that coe”cient estimates remain
stable even under highly conservative sampling schemes.
As expected, sparser samples produce wider distributions
of estimated coe”cients (Fig. S12). Nevertheless, even
when the sample is restricted to a single grid cell per
administrative unit, all climate coe”cients retain the
same sign, and average magnitudes remain comparable

to those obtained using denser samples, and tend to be
slightly larger under the most conservative sampling.

Finally, we examine a wide range of alternative
specifications. Adding quadratic precipitation terms,
temperature–precipitation interactions, climate trend
and variability measures, lagged climate variables, or
lagged migration does not materially a!ect the results
(Fig. S9). Replacing the quadratic temperature term with
an interaction between temperature and long-run mean
temperature yields similar projections, indicating that
the interpretation of the nonlinear temperature response
does not rely on a specific functional form. Results are
also robust to adopting a more conservative definition of
rural areas that excludes any grid cell containing urban
sub-cells. Coe”cients for lagged specifications are shown
in Table S4 and also yield largely consistent projections
(Fig. S9).

While not easily partitioned from rural-to-urban migra-
tion within urban cells, urban-to-urban mobility is also
likely to be an important component of climate-driven mi-
gration. When the analysis is restricted to urban locations,
temperature e!ects remain statistically significant under
administrative-unit clustering but weaken substantially
under country clustering, while precipitation e!ects are
generally insignificant (Table S7).

Further details on methods are in Methods: Robustness
Analyses, and on alternative specifications are in SI
Appendix.

Discussion

A wide range of regional, location-specific studies have
documented a nonlinear relationship between climate,
migration, and income. Our analysis demonstrates that
this pattern is both robust and universally consistent,
revealing income as a central moderator of climate-driven
migration. Across the world, and in response to both
thermal and hydrological stress, migration emerges as an
adaptation strategy that individuals pursue when they
have the means to do so, but tend to forgo once they
become su”ciently a#uent. Projected income growth
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does not, however, imply that societies can simply grow
out of climate-induced migration. Growth can be unevenly
distributed, may leave vulnerable populations exposed,
and can itself be linked to emissions and future climate
damages. We interpret the income results as evidence that
migration pressures depend on the interaction between
warming, vulnerability, mobility constraints, and adapta-
tion capacity, rather than as evidence that income growth
alone can solve the problem of climate-driven migration.

Certain limitations of our empirical analysis warrant
discussion. First, because precise localized migration flows
are di”cult to capture directly, our analysis relies on
interpolated migration data. Consequently, there remains
inherent uncertainty in the local net migration estimates,
and our results should be interpreted as identifying broad
global relationships rather than exact local population
movements. Second, while the proposed mechanisms (e.g.,
agricultural distress) underpinning these relationships are
plausible and well-supported by the existing literature, our
empirical strategy does not separately identify or isolate
each individual pathway within the analysis. Instead, we
provide a reduced-form relationship between climate and
migration without stressing any particular mechanism.

The global gridded migration dataset we examine is
the product of high-resolution satellite observations of
the built environment combined with national and subna-
tional administrative unit census-based measurements (5).
Unlike previous gridded migration datasets (3, 4, 39),
the analytical approach applied in its construction was
formulated with the goal of promoting the analysis of
climate migration and urbanization at a high spatial
resolution (5). Nonetheless, this imputed dataset is best
suited for examining globally generalizable features of
the relationship between migration patterns and climate,
not for making precise local projections. The advantage
of such a gridded global dataset, over more precise
local or aggregate measures, is that it makes feasible an
analysis that exploits the heterogeneous climate variability
associated with the entirety of human settlements. In
recognition of the potential limitation of using grid-cell-
level migration data that rely on imputation methods,
we conduct numerous robustness checks that provide
confidence in our findings. For instance, even with
standard errors clustered conservatively at the country
level, the fundamental relationships identified between
rural migration rates and temperature, precipitation, and
income are robust (Table S3).

While we present a comprehensive framework for un-
derstanding the interdependencies between local, national,
and international migration pressures, the estimates we
present are incomplete. We do not account for other
important types of climate migration, in particular,
expected changes to forced migration from large disasters
such as stronger tropical cyclones or floods. Urban-to-
urban migration is also a major component of internal
migration and not easily partitioned in the dataset we
utilize, but likely to be influenced by climate change in
ways which are distinct from rural-to-urban drivers. To
the extent that evidence about and projections of these
types of migration can be generalized, and established
as independent from economically driven rural-to-urban
migration, other forms of climate-driven migration can
be readily incorporated into our larger framework to

understand how they may counteract or amplify each
other.

Our estimates suggest that climate-driven international
migration is likely to rise by several hundred thousand
people a year – a relatively small share of global migration,
but still meaningful for the regions where these pressures
will concentrate. The pattern is regionally heterogeneous:
as countries move from low to middle incomes, particularly
in parts of Africa and Asia, they become more sensitive
to climate stress, and contribute more to cross-border
migratory pressures. Other countries may see pressures
ease as incomes and adaptation capacity grow. Taken
together, these projections show that the trajectory of
climate-driven migration will depend as much on economic
development as on warming itself. This underscores the
need for policies that strengthen adaptation and reduce
vulnerability, particularly in emerging economies, and
that manage cross-border mobility proactively, including
through viable legal pathways in places where climate
pressures are expected to intensify.

Methods

Data Sources and Processing: Summary. Our analysis combines
globally gridded data on population, migration, income,
and climate, harmonized to a common spatial and
temporal framework. This section provides a high-level
overview; full source documentation, construction choices,
and processing details are reported in SI Appendix.

Population and net migration. We use gridded population
data from the Global Human Settlement Layer (GHSL),
available at 1 km resolution in five-year intervals from
1975 to 2020 (40). Net migration at the same resolution
and quinquennial frequency (1980–2020) is taken from
the European Commission Joint Research Centre (JRC)
framework (5, 39). These migration estimates are con-
structed using a demographic balancing identity in which
cell-level population change equals natural increase (births
minus deaths) plus net migration; births and deaths are
downscaled from UN DESA World Population Prospects
and spatially allocated by the JRC, and net migration is
obtained as the residual (39, 41). We compute migration
rates as net migrants divided by population and exclude
clear outliers at the cell level. SI Appendix provides full
details on the GHSL population surface and the JRC
imputation procedure, including the treatment of vital
rates across the urban–rural continuum. Further details
about the data construction and validation against o”cial
statistics can be found in (5).

Rural sample and spatial aggregation. To focus on rural mi-
gration, we exclude urban areas using GHSL Functional
Urban Area (FUA) boundaries (42). FUAs are treated as
fixed over time to ensure a consistent rural sample. Grid
cells fully inside FUAs are dropped, while partially inter-
secting cells are treated as border cells from which only
the non-FUA portions are retained (see SI Figures S1 and
S2). Because global processing at 1 km is computationally
infeasible, we first aggregate population and migration
inputs to a 5-arc-minute (↑9km) grid and then aggregate
to the analysis resolution; the full step-by-step spatial
processing algorithm and robustness checks are described
in SI Appendix.
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Administrative identifiers and analysis units. All demographic
variables are ultimately aggregated to half-degree (0.5→ →
0.5→) grid cells intersected with first-level administrative
regions (ADM1). We construct administrative identifiers
by combining GADM v4.1 and World Bank subnational
boundary layers (43, 44). This yields a panel of half-
degree–by–ADM1 units that preserves within-country het-
erogeneity while aligning with the climate data resolution;
additional details are in SI Appendix.

Income (GDP per capita). We use gridded GDP per capita
as a proxy for local income. Historical GDP per capita
(PPP, 2017 international USD) is taken from Kummu et al.
(2025) (27), which harmonizes national and subnational
accounts and downscales them to fine spatial resolution.
We align these data to our working grid and (for consis-
tency across outcomes) compute total GDP and GDP per
capita using the same GHSL population counts used for
migration (40). We then aggregate GDP and population
to the half-degree–by–ADM1 units and compute per-
capita GDP at that scale, applying the same rural/urban
filtering described above. SI Appendix provides complete
details on harmonization, aggregation, and consistency
checks. For projections, we use SSP-based gridded GDP
per capita data (45) and gridded population projections
(46); to avoid discontinuities between historical and SSP
series, we use SSP growth rates to extend the historical
series (see SI Appendix). To verify that the relationship
between and migration is not mechanical, residualized
GDP per capita and rural outmigration rate observations
are plotted against each other in Fig. S8.

Final sample restrictions. After aggregation, we begin with ap-
proximately 76,000 half-degree grid cells with population
data. We drop cells with sparse underlying population
support, cells with missing migration data, and cells
with extremely low GDP per capita. We winsorize GDP
per capita at an upper bound of $200,000 and winsorize
extreme migration rates by period. The resulting rural
sample contains approximately 56,300 unique rural grid
cells, of which about 55,000 have non-missing migration
data. Exact thresholds and counts are reported in SI
Appendix.

Temperature and precipitation. Historical monthly tempera-
ture and precipitation are obtained from station-based
observational products interpolated to 0.5-degree reso-
lution (28, 29). Future climate projections are drawn
from CMIP6 Tier 1 experiments under multiple Shared
Socioeconomic Pathways (30). We regrid model output to
0.5 degrees to match the historical climate data and bias-
correct projections using monthly climatological means
over a historical baseline; details on model coverage
and bias correction are in SI Appendix. To align
with quinquennial migration outcomes, we compute 5-
year averages of temperature and precipitation, and we
additionally construct metrics capturing the rate of change
and variability over time; the full metric definitions and
implementation details are provided in SI Appendix.

Internal and International Migration Data. We use two data
sources to characterize the relationship between internal
and international migration. First, we use IPUMS-
International census microdata (31) to construct country-
level internal and cross-border migration rates, which

allow us to construct an average measure of how internal
migration leads to international migration. Second, we
use global bilateral international migration flow estimates
from (33), which report migration flows between all
pairs of approximately 200 countries for five five-year
periods from 1990 to 2015, constructed using demographic
accounting methods applied to migrant stock data (47).
Together, these datasets provide information on the
relationship between internal migration, cross-border
migration, and the global structure of migration corridors.
Details are provided in SI Appendix, along with a full list
of countries covered.

Historical Relationship Between Climate and Migration

Regression analysis. Following the broader climate-economy
literature, which shows that climate a!ects aggregate
economic productivity nonlinearly (38), we estimate
reduced-form macro e!ects of climate conditions on
migration, to be interpreted as the aggregate of nonlinear
micro e!ects through multiple channels. Our preferred
specification is a fixed-e!ects panel data model, which
account for persistent di!erences across gird-cells and
common changes over time, summarized by the following
equation:

migit =
∑

r=1

∑

k=1

ωrk · Climater
it · Incomek

it
↑ + µi + εt + ϑit

[1]

where migit represents the net outmigration rate for grid
cell i at time t. Climater

it =
(
Tit, T 2

it, Pit

)
is a vector of r

climate measures including temperature (T ), temperature
squared

(
T 2

)
and precipitation levels (P ). The vector

Incomek
it =

(
1, (Ln GDP pc)it, (Ln GDP pc)2

it

)
contains

k regressors, the log-transformed income in cell i and time
t and its square. We population-weight when estimating
the coe”cients. We remove the upper and lower 0.1%
of T , T trend, and P values from the analysis to avoid
outliers. This removes about 0.2% of the global population
from the analysis. The measure of cell GDP is obtained
from historical gridded per capita gross domestic product
(details provided in the Data Sources and Processing
section). Linear and quadratic income terms that are
not interacted with climate terms are included as controls,
but omitted from the projections. The model also
includes cell (µi) and year (εt) level fixed e!ects. In our
model, following standard practice for high-dimensional
panel data, parameter estimation and inference depend
on large-sample asymptotic theory rather than classical
error distributional assumptions such as normality or
homoscedasticity. Moreover, OLS provides the best linear
approximation to the conditional expectation function
regardless of whether the underlying data-generating
process is strictly linear. Multicollinearity among controls
or high-dimensional absorbed fixed e!ects a!ects only
parameter precision rather than consistency, and exact
collinearity is automatically handled by the estimation
procedure. Finally, ϑit captures the idiosyncratic er-
ror term. Statistical inference relies on cluster-robust
standard errors at the administrative 1 level to account
for arbitrary heteroskedasticity and within-cluster error
dependence. As a sensitivity test, aimed at assessing the
susceptibility of our results to variations in assumptions
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and analytical choices, we cluster standard errors by
country. We also test versions of this equation without the
quadratic income interactions, without any income terms,
and with additional environmental variables in Climater

it.

Selection of regressors (LASSO). There are many plausible
climatic variables that may impact individual migration
choices, including mean climate over a short period,
climatic variability, or longer-term climatic trends. The
many possible permutations of climate metrics create a
challenge in identifying the appropriate functional form for
statistically modeling historical climate-induced migration.
Therefore, we employ the LASSO shooting algorithm
(48) under a rigorous penalization approach (49). The
LASSO algorithm is a statistical method that selects the
most relevant regressors from a large set of potential
predictors by shrinking the estimated contributions of
less informative variables toward zero. It allows us to
understand whether alternative climate measures could
help explain residual variation in the regression. The
results are reported in Table S6 and the detailed methods
are described in SI Appendix.

The LASSO selects only 2 of the 18 supplementary
climate metrics, suggesting that the baseline climate
variables already possess substantial explanatory power.
It is important to emphasize that the LASSO imposes no
prior structure on the nature of the regressors and, as such,
provides no inherent rationale for including interaction
or higher-order terms. We interpret these results as
evidence that the category of climate metrics—specifically
temperature trends and variance—may influence historical
climate migration rates. We therefore include them, along
with the respective income interactions, in some of our
supplemental specifications as extensions and robustness
checks. However, their influence on projections is small,
and they are therefore not included in our preferred
specification (Fig. S9).

Projections

We estimate future migration rates by taking the dif-
ference between projected migration rates for 2050 and
subtracting modeled migration rates for 2015. We do this
both for fixed and time-varying income

Internal Migration. In the time-varying income case, we use
GDPpc from (45) and climate model output for the climate
variables. GDPpc is bias-corrected to match our historical
data, as described in the Data Sources and Processing
section above. For our main projection, we use the average
from all available climate models, though we also estimate
climate uncertainty from individual climate models, as
described in the Monte Carlo and Uncertainty section
below. Importantly, we do not include the GDPpc and
GDP2

pc
terms in the projections, as they are controls and

do not constitute climate migration.
In the fixed-income case, we do not allow GDPpc to

change over time and instead fix it at 2015 levels. The
treatment of climate and controls is the same as in the
time-varying income case described above. We include
this projection to demonstrate the impact of climate alone.

Cross-border Migration. Historically, increases in internal
migration coincide with increases in international migra-
tion. To project country-level cross-border net migration,

we first multiply the projected grid-cell level migration
rate by the grid-cell population. We then multiply this
total number of migrants in a country by the fraction of
people that migration internationally (a constant of 0.12,
described below). We then apportion these international
migrants to countries based on the matrix of between-
country flows from (33). These steps are described in
more detail below. Lastly, we sum the number of migrants
by the destination country. This process is identical for
the fixed-income and varying-income projections, except
that the initial migration rates are taken from the fixed
or varying income projections, respectively.

Using the IPUMS dataset, we construct a cross-
sectional dataset of internal and international migration
for 90 country-year observations from 43 countries between
1985 and 2017 (further detail in SI Appendix). Using the
following regression, we derive the average relationship
between internal and international migration with the
estimating equation:

MIGit = ϖ + ϱ migit + ςit [2]

where the outcome variable is the international out-
migration flow from country i and time period t, and
the main independent variable is the internal migration
flow in the same country and period. The index t refers
to a five-year period corresponding to the recall window
from IPUMS measures. The parameter ϱ̂ captures the
relationship between the two flows. Contemporaneity
reflects the assumption that the migration pressures
operating within a given period drive both internal
relocation and cross-border emigration within that same
window.

We plot this relationship in Fig. S10, and use the
estimated coe”cient ϱ̂ = 0.12 when projecting cross-
border pressures.

Next, we combine the data with the projected levels
of internal migration to derive net migration levels in
country j, according to the following equation:

$MIGit = ↓ migit · ϱ̂ +
∑

j

migjt · ϱ̂ · MIGij∑
j MIGj

= ϱ̂




∑

j

migjt · MIGij∑
j MIGj

↓ migit




[3]

where migit · ϱ̂ is the calculated outflow of international
migrants leaving country i in time period t. The same
stock in country j (migjt · ϱ̂) constitutes an international
inflow of migrants to country i, weighted by the existing
bilateral migration relationships as per (33). The weight
is computed using the ratio between the inflow of migrants
to country i from country j (MIGij), and the total outflow
of migrants from country j to all destinations (

∑
j MIGj).

As such, the equation redistributes a given volume of
migrants across origins and destinations, with the common
time index ensuring that a global adding-up constraint is
met.

Climate uncertainty and statistical uncertainty. Future climate
is available from many di!erent climate models (see
Temperature and Precipitation data section). Our main
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analysis uses the model mean as the input, while we use
each of the models individually to quantify the climate
uncertainty.

To quantify the statistical uncertainty in the projec-
tions, we take a Monte-Carlo approach. We re-run the
main estimating equation using only a subset of the panel
dataset. In one case, we randomly sample a pre-specified
fraction of the dataset (e.g., only use half the sample) and
repeat this 100 times. This gives us a set of 100 estimates
of the coe”cients; each set is used for its own projections,
which yields a range. Lastly, as a sensitivity test, we also
sample by administrative unit 1 (e.g., states), rather than
randomly sampling the whole dataset. In other words,
we generate a set of estimated coe”cients using only one
random grid cell from each admin 1 unit, and repeat that
test 100 times.

Robustness Analyses. We assess the robustness of our pre-
ferred specification using four complementary approaches:
(1) validation of global nonlinear specification with local
linear approaches, (2) sequentially including interaction
terms and modifying the main specifications, (3) Monte
Carlo resampling to test for coe”cient stability, and (4)
alternative specification tests.

Local-linear Validation of Global Nonlinear Specification. To assess
whether the global nonlinear specification is consistent
with local relationships observed in the data, we estimate
a separate linear regression between migration rates
and temperature at each rural grid cell. For each
cell, we compare the estimated local linear temperature
coe”cient to the marginal e!ect implied by the global
model, evaluated at that grid cell’s covariate values. We
then test whether the 95% confidence interval from the
local linear regression contains the corresponding global
marginal e!ect, following an approach similar to (38). We
implement this exercise under several minor specification
variants, including the use of linear versus quadratic
income controls and the inclusion of precipitation as
an additional control. The results of these tests are
summarized in Fig. S6 and Fig. S7.

Sequential Inclusion of Higher-order and Interaction Terms in Main
Specification. To clarify the role played by income inter-
actions and higher-order climate terms, we estimate a
sequence of specifications that build incrementally toward
our preferred model. We begin with regressions that
include only climate variables and fixed e!ects, excluding
any interactions with income. We then introduce linear
income interactions, followed by specifications that include
quadratic temperature terms interacted with quadratic
income terms. For each specification, we report standard
errors clustered at the administrative unit level 1, and
we repeat the analysis clustering at the country level
to assess sensitivity to the choice of clustering unit.
The corresponding coe”cient estimates are reported in
Table S2 and Table S3, with associated projections shown
in Fig. S9.

Monte Carlo Resampling. We examine the stability of co-
e”cient estimates under increasingly conservative sam-
pling schemes using a Monte Carlo resampling approach.
Specifically, we repeatedly draw subsamples from the
panel and re-estimate the preferred specification using

(i) a random sample of 85% of grid cells, (ii) a random
sample of 50% of grid cells, and (iii) a highly conservative
sample consisting of one grid cell per administrative
unit level 1. Each resampling procedure is repeated 100
times, generating distributions of estimated coe”cients
for comparison across sampling schemes. The resulting
coe”cient distributions are shown in Fig. S12.

Alternative Specifications and Definitions. We further test ro-
bustness by estimating a wide range of alternative spec-
ifications. These include adding quadratic precipitation
terms; allowing for interactions between temperature and
precipitation; incorporating climate trend and variability
measures constructed using the LASSO procedure (see
Methods above; and SI Appendix); replacing the quadratic
temperature term with an interaction between temper-
ature and long-run mean temperature; and including
lagged climate variables. We also examine sensitivity
to the definition of rural areas by restricting the sample
to half-degree grid cells that contain no urban sub-cells
at finer spatial resolution. Finally, we re-estimate the
model using only urban locations to assess whether
climate–migration relationships di!er across rural and
urban contexts. Results from these specification variants
are reported in Fig. S9 and Table S7. Further detailed
analyses and results are in SI Appendix.
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