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Global climate migration is a story of who
and not just how many
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Understanding the impact of climate change on human migration is critical for
policymakers. Yet climate change can both incentivize people to migrate and
reduce their ability to move, making its effect on human migration ambiguous.
We propose an approach to studying migration that combines causal infer-
ence methods with cross-validation techniques to reliably estimate effects of
weather on migration within and across borders. This approach highlights the
key role of migrant demographics in the weather-migration relationship. We
show that allowing weather effects to differ by age and education improves
out-of-sample performance by a factor of five or more compared with a
homogeneous effect. Demographic heterogeneity is critical in explaining this
discrepancy. Projections based on our empirical estimates indicate that the
effects of climate change on future cross-border migration will be an order of
magnitude larger for most demographics than the average effect, but differing

responses across groups largely offset one another.

In August 2022, heavy monsoon flooding led to the displacement of 33
million people in Pakistan’. On the other side of the Earth, Central
America witnessed a highly-publicized increase in emigrants from its
rural areas towards the United States, among other destinations™*.
Both events have been used as illustrations of the role that weather and
climate change play in amplifying migration®. These and similar events
form the basis of various policy proposals to address climate-related
migration through measures meant to help people stay or to help
those already on the move® . Understanding how weather and climate
affect migration is key for the design and evaluation of such policies.

To understand migration decisions, it is useful to distinguish
between an aspiration to move and the ability to do so’. While envir-
onmental stress can induce people to move away, it can also keep them
from migrating'®™. For example, adverse weather might lead to
movement away from exposed locations™ ™, yet can also induce
immobility by depleting resources necessary to migrate'**. These
disparate outcomes presumably depend on socioeconomic and
environmental conditions. Yet the specific factors that drive different
mobility outcomes in response to environmental stress remain
unsettled.

Despite being of crucial importance for policy decisions, the
effect of climate change on migration is still unclear. Recent studies** >’
and reviews of the empirical literature®®™ offer widely varying
empirical estimates of weather-induced migration. Most analyses
suggest that environmental stress tends to increase out-migration in
relatively middle-income locations and decrease out-migration in
relatively lower-income areas™. Conversely, a few studies find that
relatively low-income populations increase their local migration
response under environmental stress*. Demographic characteristics
have also been associated with heterogeneous mobility responses to
adverse weather but with evidence mostly limited to migration within
countries and with apparently contradictory findings, whereby heat
stress induces either greater migration among men* or women*® and
among individuals with higher**”° or lower education°,

In this paper, we combine causal inference and cross-validation
methods to estimate how weather and climate influence migration
within and across borders. We specifically account for differences
across migrant demographics, known to affect migration decisions in
general*®*., We conjecture that the net influence of weather effects on
individuals’ aspirations and ability to move (which are otherwise
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difficult to observe directly at large scale), and thus on their migration
decision, depends on their demographic characteristics'>*°. For
instance, individuals with less education, who often rely on income
sources that are more dependent on weather, such as agricultural
activities®®, might be more incentivized to move away in response to
weather shocks. Conversely, older, more established adults, who
might have had more time to accumulate resources*®, might be better
equipped to move away in response to detrimental climate conditions.
A more detailed discussion of the theoretical motivation for analyzing
demographic heterogeneity in the weather-migration relationship is
provided in the Supplementary Discussion.

Our estimates of demographic-specific migration responses to
climate shocks demonstrate at least five times better out-of-sample
predictive performance than traditional estimators that assume
homogeneous effects, both within and across borders. We find major
differences in migration responses across demographic groups that
lead to order-of-magnitude changes in projected climate-induced
migration when accounting for demographic groups. Furthermore,
our results indicate that many of the seemingly contrasting results in
the literature are consistent with a single global response that differs
systematically by baseline climate and demographics of would-be
migrants.

Migration data is from the Integrated Public Use Microdata Series
(IPUMS) dataset** (Fig. 1 and Supplementary Fig. S1). IPUMS gives
information on cross-border migration for 168 origin countries and 23
destination countries, and on within-country migration for 71 coun-
tries over the period 1988-2019. Importantly, IPUMS also provides
individual-level information on migrant age, education, and sex. We
take as the outcome of interest the proportion of people from a spe-
cific demographic group that move from an origin to a destination, and
define 32 demographic groups according to four age categories (under
15, 15-30 years old, 30-45, above 45), four education levels (primary
not completed, primary completed, secondary completed, higher
education), and two sexes (male, female). In total, there are 125,109
observations of cross-border migration and 481,799 observations of
within-country migration according to year, origin-destination pair,
and demographic group. We conduct separate analyses for cross-
border and within-country migration.

Migration patterns captured by the IPUMS dataset differ across
demographics, consistent with foregoing analyses of migration**.,
The mean correlation between migration rates of different demo-
graphic groups across the same origin-destination pair, or corridor, is
only 0.43 for cross-border and 0.66 for within-country moves (Sup-
plementary Fig. S2). These low correlations presumably reflect varia-
tions in aspiration to move and ability to do so and foreshadow the
potential for demographic heterogeneity in weather-mobility
responses.

Weather data include daily maximum surface air temperature
from the Climate Prediction Center*>** and daily surface soil moisture
from the European Space Agency Climate Change Initiative Plus Soil
Moisture Project (Supplementary Fig. S3). We use soil moisture, as
opposed to more-commonly used precipitation’?**-°, because this
pairing has been shown to better predict agricultural yields®, a key
determinant of mobility?”. Additionally, we model heterogeneity of
weather effects on migration across climate zones, using the Ké6ppen-
Geiger climate classification’ because weather effects on a variety of
societal outcomes - including hypothesized determinants of migra-
tion such as agricultural productivity, GDP, and health—have been
shown to systematically differ across baseline climates® .

We estimate the joint, non-linear effect of daily maximum tem-
perature and soil moisture on migration rates across borders and
within countries (Eq. (2)). Weather effects, which are measured at the
origin location on the year of the move, are allowed to differ across six
Koppen-Geiger climate zones (Eq. (3)). To refine our understanding of
who is influenced by weather, we differentiate weather effects across

demographic characteristics of migrants (Eq. (4)). In order to isolate
the effects of weather variability on mobility, we specify fixed effects to
account for a range of known influences upon migration rates (Meth-
ods). The effect of weather on mobility is identified through analyzing
anomalies in migration rates within a demographic-specific corridor in
relation to anomalies in temperature and soil moisture exposure. To
interpret the estimated effects of weather variability on migration as
causal, we assume that the identifying variation in weather after
accounting for the fixed effects is as good as randomly assigned to the
identifying variation in mobility.

For each model, in addition to evaluating the statistical sig-
nificance of estimated effects, we also assess out-of-sample perfor-
mance for model evaluation and selection®~’. Evaluating out-of-
sample performance in addition to statistical significance helps
address false-discovery issues deriving from the numerous degrees of
freedom that characterize choices that can be made by individual
researchers in conducting causal inference analysis™. Note that tests of
predictive performance and statistical significance make distinct
assumptions, including regarding the distribution of the data, and
provide partially distinct information. How best to combine these two
approaches to conduct evaluations is an active area of research®, and
we simply report both metrics.

We evaluate out-of-sample performance on variations in migra-
tion and weather observations, after removing variations associated
with fixed effects involving time, location, demographics, and geo-
graphic and cultural proximity. Using this identifying variation, we
then conduct 10-fold cross-validation with performance calculated on
the withheld folds as the coefficient of determination (R?). This fraction
of identifying variation in migration rates explained by weather vari-
ables is computed both with and without interacting them with
demographic and geographic controls. If demographic heterogeneity
in migration response is supported by the data, models including
interactions of weather variables with demographic indicators should
present a higher performance than models without such interactions.
Whereas in-sample R? is always positive and increases with the inclu-
sion of additional covariates, the out-of-sample R* that we compute
can either increase or decrease with additional model complexity and
becomes negative if performance is worse than a model predicting a
constant mean value. This approach gives an unbiased estimate of the
fraction of variation in historical migration anomalies that can be
attributed to weather variations and guards against overfitting our
model33,6(],61.

Results

Demographics are key for understanding weather-driven
migration

Instead of solely inquiring into how many people move in response to
weather and climate variations, we assess how many of whom respond.
To that aim, we estimate and evaluate out-of-sample a series of
empirical models that do or do not allow migration responses to
weather variability to differ by individual-level migrant demographics
(Methods). Results of the cross-validation exercise are shown in Fig. 2a
for cross-border migration and Fig. 3a for within-country migration.
Estimated effect sizes, statistical significance, and full model in-sample
R? are given in Supplementary Tables S1 for cross-border migration
and S2 for within-country migration.

We find that allowing the weather effect on migration to differ by
age, education, and climate zone yields the best performing model of
cross-border migration rates. The full model, including fixed effects,
gives an in-sample R? of 0.875 and displays statistically significant
effects for temperature on young and older adults with lower levels of
education, and for soil moisture on most age groups (p<0.05).
Moreover, the model gives a positive out-of-sample R* of 0.004
(uncertainty range of 0.003-0.004), indicating that weather explains
0.4% of variation in cross-border migration flows after accounting for
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Fig. 1| Spatial and demographic distribution of migration rates. a Cross-border  between 1989-2019 for subnational regions. ¢ Distribution of migrants across
outmigration rates expressed as the ratio of individuals leaving per year over total  education, age, and sex categories, for cross-border and within-country migration.
origin population and averaged over the observation period, 1988-2019. Regionsin  Shapefiles from IPUMS International*’.

white are not included in the IPUMS dataset. b Within-country outmigration rates
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Fig. 2 | Cross-border migration responses to heat and dryness depend on age.
a Out-of-sample performance (R?) predicting identifying variation in cross-border
migration with weather shocks. Models include weather variables in cubic form; T
stands for temperature, S for soil moisture. Interactions of weather variables with
origin climate are indicated as climate zone, and added interaction of weather

variables with demographic characteristics are indicated according to age, educa-
tion, sex and their various combinations. A model using randomly shuffled weather
variables is indicated by placebo. Box plots show the distribution of performance
over 20 seeds, representing the median, upper and lower 25% values (box), and the
upper and lower adjacent values (whiskers). b, ¢ Cross-border bilateral migration
rate response to temperature variability (red), and (d-e) to soil moisture variability
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(green). Response magnitudes are for a change of 1 day in the year relative to 18°C or
0.18 cm?® of water per cm?® of soil. b—d Average responses differentiated by age
(columns) and education (rows) (from model T,S*(age + edu)). c-e Average
responses differentiated by climate zone (from model T,S*climate zone). Effects for
each age, education, and climate zone combination (from model T,S*(climzone +
age +edu)) are plotted in Supplementary Fig. S5. Dashed gray line shows homo-
geneous response across demographics and climate zones for comparison. Shad-
ing shows the 90% confidence interval for each response allowing for demographic
heterogeneity. Histograms show the distribution of daily maximum temperature
and soil moisture over origin countries and years when migration observations are
available, with outliers winsorized for display to their 1 and 99 percentiles.

fixed effects. Weather shocks are a noteworthy, albeit minor, pre-
dictive driver of cross-border migration. Geographic and cultural
proximity captured by the model’s fixed effects plays a much more
dominant role in explaining historical migration rates. If a simpler
specification using homogeneous response across demographics and
baseline climate is instead used, the results explain 12 times less
identifying variation in migration rates out-of-sample (R*=0.0003
[0.0002;0.0004]) and are statistically insignificant. Differentiation by
sex adds no predictive performance. To check that out-of-sample

performance is not erroneously inferred, we assess the performance of
a placebo model. Specifically, we apply the best performing model
including interactions with age, education, and climate zone to
weather observations that are randomly shuffled across years and
locations, in which case cross-validation then produces negative out-
of-sample performance, as expected for a model fit to uninformative
explanatory variables.

Within-country migration models perform similarly to those for
cross-border migration, with one exception. Here, the best out-of-
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Fig. 3 | Heat increases within-country migration for those with higher educa- weather shocks. b Within-country bilateral migration rate response to temperature
tion levels in tropical zones, while dry and wet conditions increase moves of  variability in the tropical zone, and (c) to soil moisture in the dry-hot zone. Labels
those with lower education levels in dry-hot zones. a Out-of-sample perfor- and conventions follow those in Fig. 2.

mance (R?) predicting identifying variation in within-country migration with
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sample performing model allows weather effects on migration to differ
by age and education distinctly within each climate zone, whereas the
best performing model of cross-border migration has the same het-
erogeneity by age and education across all climate zones. Quantita-
tively, 1% of within-country migration is explained by weather
variations, or an out-of-sample R* of 0.010 [0.010-0.010]. Again, the
full model in-sample R? including fixed effects is much larger, with a
value of 0.855. Differentiation by sex again adds no performance,
despite overall differences in within-country migration rates by sex
(Fig. 1c). As for cross-border migration, assuming a homogeneous
response across demographics and baseline climate zones gives a
much smaller R* of 0.002 [0.002;0.002], or a 5 times smaller perfor-
mance than the heterogeneous model. The fact that our best-
performing model contains climate-dependent demographic specifi-
city may reflect the higher number of within-country observations
available for constraining the model, the more geographically precise
representation of origin climate zone, or that drivers of within-country
migration are more determined by baseline climate.

We replicate the results of two published studies of weather-
related migration”>** in order to examine if the smaller out-of-sample
performance of our model, when not including demographic hetero-
geneity in migration response, generalizes to other studies. Both stu-
dies are featured in the meta-analysis mentioned in the introduction®
and are selected on the basis of their results being fully replicable using
code and data made immediately publicly available. Cai et al. (2016)*
report that exposure to high temperatures increases cross-border
migration out of the most agriculturally-dependent countries, whereas
Cattaneo and Peri (2016)** find that higher temperatures increase
migration rates in relatively middle-income countries but decrease
migration rates in relatively poor countries. We first reproduce the
results of both studies using their data and reported preferred speci-
fications (Supplementary Table S3) and then apply cross-validation
analyses (see Supplementary Fig. S4). For cross-border migration, the
specification by ref. 22 displays substantially smaller out-of-sample
performance as compared with our model (R*=0.0001
[0.0000;0.0002]), and the specification by ref. 24 gives negative out-
of-sample performance (R*=- 0.030 [-0.065;-0.002]). For within-
country migration, the specification by ref. 24 using urbanization rates
as a proxy for rural-urban moves gives an out-of-sample performance
marginally higher than our preferred model but with wider confidence
intervals that span zero, R*=0.012 [-0.008;0.027]. Ref. 22 do not
investigate within-country migration.

Heat and dryness effects on cross-border moves differ by age
We plot response curves associated with the best performing model of
cross-border migration in Fig. 2b-e. For readability, average weather
effects per age and education are displayed in panels (b) and (d), and
average weather effects per climate zone in panels (c) and (e). The
estimated effects for each age, education, and climate zone combi-
nation are plotted in Supplementary Fig. S5. In accordance with our
log-linear empirical model, all results are reported as percent changes
from baseline migration rates, not as percentage of the overall popu-
lation. For example, an increase from 0.01%/yr of the population
migrating to 0.02%/yr is reported as a 100% increase in migration rate.
The influence of weather on changes in migration rates are reported as
the effect of 1 day of temperature or soil moisture at either their 1st or
99th percentile daily value relative to median conditions.

We find that the significance, magnitude, and direction of the
weather effect on cross-border migration varies across education, age,
and baseline climate zone. Heat and dryness decrease migration of the
youngest population with lowest levels of education but increases
migration of older, adults with little education (p < 0.01 for each). For
example, one day of exposure to 99th percentile temperature as
opposed to the median, i.e., 36°C versus 18°C, decreases migration
rates of children by 0.5% and increases migration rates of older adults

with primary education by an equal but opposite amount. Con-
versely, migration rates of adults with high levels of education are
little affected by weather. These results are consistent with weather
stress increasing the desire to leave a location for individuals with
less education, whose income sources might be more dependent on
weather; but where only adults above 30 that presumably have more
accrued resources are able to move. Heat decreases movement
across all climate zones, with relatively stronger effects in dry-cold,
continental, and tropical areas, and dryness increases migration,
particularly in dry-hot climates. As follows from the anti-correlation
in weather effects across demographics, omission of demographics
gives results with negligible sensitivity to weather (dashed gray line
in Fig. 2b-e).

Heat increases internal moves of those with higher education
levels in some climates

Turning to within-country migration, response curves associated with
the model performing best out-of-sample are displayed in Fig. 3b, ¢
and Supplementary Fig. S6. In contrast to cross-border migration, here
the best-performing model allows for interactive, rather than additive,
effects between baseline climate and demographics on the weather-
migration relationship. We find substantial heterogeneity in migration
response to weather variability across age and education as a function
of climate zone.

As a first illustration of the richness of weather-migration rela-
tionships for within-country moves, in tropical zones (Fig. 3) heat
increases migration of those with higher education levels (p <0.001)
but has no significant nor substantial effect on migration of those with
lower education levels. Warming from 30°C to 39°C for 1day in the
tropical zone increases migration rates of individuals with higher
education by 0.4-0.5% across age groups but does not significantly nor
substantially change migration rates of individuals with primary edu-
cation or less. Temperate and dry-cold zones display a similar pattern.
Like for cross-border migration, these results are consistent with an
explanation of weather extremes making it more difficult to move to
another part of the country for the most vulnerable. Again, little to no
weather effect is identified if migration responses are not resolved
according to demographic characteristics (dashed gray lines in Fig. 3b,
¢ and Supplementary Fig. S6).

Pointing to a different set of effects, both dryness and sodden
conditions (possibly indicating flooding) increase migration relative
to moderate soil moisture in dry-hot areas. While the effect of
flooding is relatively homogeneous across demographic groups, the
effect of dryness is stronger for individuals with lower education
levels (0.6% increase for drying from 0.18 to 0.05 cm® of water per
cm?® of soil) and weaker for older individuals with higher education
levels (0.3% increase for the same drying). In tropical and temperate
zones, sodden conditions also increase migration rates of those with
lower education levels, whereas those with higher education levels
have a weaker or opposite response. These results indicate that
extremes in water availability can increase the aspiration to move by
acting as a push factor for people with less resources. A notable
example of this can be found in Kenya, which in 2008-2010 suffered
a severe drought that crippled agricultural and pastoral production.
The annual migration rate from the rural Eastern district, located in a
dry-hot area, to urban Nairobi increased by a factor of six during this
drought period, going from 0.2% to 1.2% per year of the district’s
population (Supplementary Fig. S7). 78% of the increase in number of
migrants were associated with people having little education. An
assessment led by the Kenyan Ministry of Finance concluded that the
drought compelled migration out of agricultural areas on account of
hunger and reduced household incomes®’. This migration response
within Kenya is qualitatively in line with the prediction given by our
model, albeit the effect is at the 99" percentile of the coverage
interval of the estimated response.
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Climate change and migration: who, not just how many
To illustrate the implications of these results in the context of climate
change, we use the trained empirical model as a basis for projections of
cross-border migration patterns conditional on simulations of climate
change over the 217 century. We project these relationships holding
other drivers of migration fixed, a common®>*** yet major simplifica-
tion that facilitates interpretation and contextualization of the
empirical results. We compute the change in migration rates resulting
from changes in local weather variables between today and the end of
the century, as projected by global climate models under the 6* phase
of the Coupled Model Inter-comparison Project (CMIP6). Projections
are conducted following a medium scenario of climate change and
socioeconomic development (SSP2-4.5). In the Methods section, we
provide additional information on how we validate and tune our
empirical model for projection (Supplementary Figs. S8-S9).
Projected age- and education-specific migration patterns respond
much more strongly to climate change as represented by SSP2-4.5
when accounting for demographics (Fig. 4). Instead of yielding chan-
ges in migration rates of [ - 5%; 1%] by end-of-century (2015-2035 vs.
2080-2100), climate change is found to affect corridor migration rates
by [ - 31%; + 26%], with opposite effects across demographics. Older
adults with lower education levels migrate substantially more across
borders, while the youngest with lowest education levels move less
under climate change. Effects of more intense climate change (SSP3-
7.0) on migration amplify this pattern (Supplementary Fig. S10).

Discussion

Our results show that migration responses to weather are highly
dependent upon demographic characteristics. At some level, this
result is no surprise given that migration decisions in general are
widely documented to vary across demographic characteristics**.
Nevertheless, accounting for such differences across demographics
helps reconcile prior contradictory findings in the climate migration
literature. When accounting for age- and education-specific responses,
we find that weather and climate explain a share of variance that is,

while still small, 12 times greater across borders and 5 times greater
within countries than when the climate-migration relationship is
assumed to be uniform across demographic characteristics and base-
line climate. The uncovered importance of demographics indicates
that weather variability affects both the incentives and the ability to
migrate.

Beyond highlighting the key role of demographics in under-
standing historical effects of weather on migration, cross-validation
shows that models accounting for demographic-specific effects can be
used to project future migration responses. We hasten to add, how-
ever, that migration responses to long-run changes in climate may
differ from responses to weather variability. On the one hand, in situ
adaptation measures, e.g., crop switches in agricultural areas®, might
temper migration responses to longer-run changes in climate. On the
other hand, climate change may induce conditions under which cur-
rent in situ adaptive measures become insufficient, e.g., if water used
for irrigated agriculture becomes limited®. To test our findings against
longer-term changes in local climate, we estimate empirical models
using temperature and soil moisture values averaged over the 10 years
preceding each migration event (Methods). Results hold both across
borders and within countries (Supplementary Fig. S11) with demo-
graphic and climate zone heterogeneity in migration responses con-
tinuing to improve model performance, albeit with the magnitude of
weather effects showing somewhat reduced migration sensitivity over
the longer run.

A variety of other possible model specifications consistently
support the inference that inclusion of demographics is critical for
understanding the influence of weather and climate on migration. For
instance, lagged effects of weather at origin could theoretically affect
mobility****%°, We test the effect of adding weather variables lagged by
one year and obtain results similar in direction and slightly smaller in
magnitude to contemporary weather. While adding lagged effects
does not increase out-of-sample performance for within-country
migration, age and education heterogeneity still substantially
improves performance for both models including lags (Supplementary
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Fig. S12). We also test the effect of adding destination weather vari-
ables and find that it does not improve performance for the within-
country model. For cross-border migration, however, added destina-
tion weather increases performance by 0.5 percentage points, and
allowing the effect of destination weather to differ by age and educa-
tion again improves performance, in this case by 1.2 percentage points
relative to omitting destination weather (Supplementary Fig. S13). Heat
in destination countries decreases migration for young, people with
lower education levels and has a similar and opposite effect on older
people with higher education levels. Increased migration following
heat at destination is most pronounced in temperate climates, and
least so in dry-hot zones. Conversely, high moisture in destination
countries increases migration of adults with higher education levels,
with effects largest in tropical climates. The effect of origin weather
remains essentially unchanged by the addition of destination effects.
These results suggest that young people with lower education levels
may not be able to leave hot and dry conditions due to resource
constraints exacerbated by heat at origin. As a result, including desti-
nation effects amplifies projected effects of climate change on future
cross-border migration. We note that such changes add 66 more
parameters for the cross-border migration model and, thus, raise
issues regarding trade-offs between model performance and
interpretability.

Further analyses including individual and household-level char-
acteristics constitute important avenues for future research. For
instance, household structure, an important factor for migration
decisions, may play a role in the weather-migration relationship. We
test the effect of having children at time of migration on this rela-
tionship for cross-border migration (Supplementary Fig. S14), though
with the caveat that the IPUMS dataset does not provide information
on whether said children migrated along with the individual surveyed.
We find that including parental status of migrants into our model
accounting for demographic and baseline climate heterogeneity
increases the predictive performance by 0.2 percentage points.
Warming and drying generally reduces migration rates of people
without children, whereas effects on parents are weaker and of
opposite direction. This provides additional empirical evidence sup-
porting our conclusion that migrant characteristics substantially affect
migration responses to weather shocks. In contrast, the sex of a
migrant is not found to help predict migration responses to weather in
this analysis. We suspect that cultural differences in gendered patterns
of migration, including related to gender-specific labor and marriage
migration, are likely to affect responses to weather”, yet in ways that
we are not able to account for with the data at hand.

Our dual analysis of weather-related moves within and between
countries highlights the importance of considering demographic
characteristics at multiple migration scales. Beyond the within and
between countries dichotomy, we note that migration responses to
weather may well differ between and within small versus large coun-
tries in a manner not captured by our foregoing analysis. To examine
whether the scale of aggregation has an effect, we allow the weather-
climate relationship to additionally vary as a function of the size of the
origin country or province (Supplementary Fig. S15). We find that
allowing for heterogeneity in the weather-migration effect with
respect to surface area does not increase model predictive perfor-
mance out of sample for within-country migration. Across borders,
performance increases by just 0.0002 percentage points, yielding
small changes in the effect of temperature and negligible changes for
soil moisture. Using population size instead of surface area yields
similar results. These results suggest that the the scale of aggregation
does not modulate the importance of demographic heterogeneity in
the weather-migration relationship.

Our findings help bring together the contrasted estimates of
weather effects on migration documented in the literature®. Evalua-
tion of model performance out-of-sample makes clear that

demographic information on would-be migrants is necessary for a
robust assessment of migration responses to weather. Although we are
able to reproduce previous studies that do not account for demo-
graphic heterogeneity, cross-validation of these approaches indicates
little model performance. This suggests that the diversity of docu-
mented responses might result from some combination of variation
across settings and samples, but also from noise in demographic-blind
analyses even if results are statistically significant.

The results presented here also complement prior evidence on
differentiated mobility responses to climate variability as a function of
demographics, which has to date mostly been limited to within-
country migration. We highlight six studies, beginning with two for
which there is some disagreement with our findings. Thiede et al.*® use
a subset of the same migration data used in our study to analyze
within-country migration responses to climate variability in South
America. They find that high precipitation levels decrease migration
for young individuals and high temperatures increase migration of
women and individuals with lower education levels, in line with an
explanation of weather as a push factor and with our results in the dry-
cold zone, but in contradiction to our results for the other South
American climate zones, namely tropical, dry hot, and temperate. In a
more recent study, Gray and Thiede®” find, using a different migration
data source, that temperature anomalies increase temporary moves
within countries of those with higher education levels, whereas pre-
cipitation anomalies increase moves of those with lower education
levels. Our results indicate that further subdivision of responses
according to climate zone is useful and that, in particular, temperature
effects arise for migration within countries in tropical areas, whereas
hydrological effects arise for within-country moves in dry-hot areas.

With regard to demographic studies that are more in keeping with
our results, Helbling and Meierrieks® find that temperature and pre-
cipitation changes affect emigration to OECD countries only for low-
skilled individuals, consistent with our finding that weather effects on
cross-border migration are generally weaker for older individuals and
those with higher education levels. Bohra-Misra et al.”’ find that
younger males and individuals with higher education levels are more
likely to migrate following high temperatures within the Philippines.
Ignoring the sex-based distinction, these results are consistent with
our findings for the tropical climate zone and the inference that
weather acts as a resource constraint for those with lower education.
Similarly, Thiede et al.*® find that women and individuals with lower
education levels who were exposed to high temperatures during early
childhood in Eastern and Southern Africa are less likely to migrate
internally later in life. This accords with our findings of contemporary
effects of heat on within-country migration of individuals with lower
education levels in those climate zones that are associated with Eastern
and Southern Africa, namely dry hot, temperate and tropical. Finally,
Hoffmann et al.” use the same within-country migration data as our
analysis to show that middle-age groups are more likely to migrate in
response to drought in less-developed countries, in line with our
results for the dry-hot zone. Taken together, we infer that the differ-
ential agreement between our results and country-based or regional
analyses reflects, at least in part, heterogeneity within our climate-zone
based analysis. Overall, if models of weather effects on migration are to
be used for making predictions, we suggest that they should, in addi-
tion to statistical significance, display positive out-of-sample
performance.

To project migration patterns under future climate change, taking
demographic heterogeneity into account matters greatly. Climate
change effects on overall cross-border migration between the end of
the century and today are found to obscure substantial variation
across age and education, with a range of effects increasing from
[ - 5%; 1%] to [ - 31%; + 26%] when accounting for demographic het-
erogeneity. This result suggests that climate change effects on mobi-
lity are about who moves, more than about how many people move.
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From a methodological standpoint, this finding also highlights the
importance of including demographics in structural models of
migration responses to future climate change®, which have so far
explored the role of either education®”*® or income” in shaping this
relationship.

Beyond demographic heterogeneity, our projection results on
overall cross-border migration suggest an important takeaway. Con-
tradicting claims of mass migration across borders following future
climate change’, total cross-border migration rates are projected to
change little, and, if anything, to decrease. While some in destination
countries concerned with increases in climate-induced immigration
might initially consider these findings good news, concerns about
global human welfare suggest another conclusion. Collectively, our
results indicate that many among those most likely to suffer from
climate change impacts will not be able to get out of harm’s way. This
reduced access to migration as an adaptation strategy is itself a con-
sequence of climate change, thereby afflicting a “double penalty" on
those most vulnerable. Our findings indicate a need for policy
responses that squarely address the demographic complexity of
mobility responses to climate.

Methods

Data

Migration data. We use the IPUMS International dataset, developed
and maintained by the University of Minnesota, which consists of
census data collected every 5-10 years and harmonized across over
100 countries*. As typical in census exercises, data is collected on a
subset of the population - generally, around 10%—that is meant to be
representative of the overall population. For each observation, a
weight is given by the census institution that illustrates how many
actual people this person represents. Note that this dataset does not
capture short-term moves, hence we focus on long-term migration
patterns. The main benefits of this dataset for our purpose are twofold.
First, it provides information on both cross-border and within-country
migration. Second, it provides information on demographic char-
acteristics of individuals who have migrated in terms of age, sex, and
education. A discussion of its limitations is presented in the Supple-
mentary Discussion. Because mobility patterns vary in nature based on
whether the move takes place within a country or across borders, and
because the information available for cross-border moves involves a
different structure from the one documenting within-country moves
(see description below), we treat the two subdatasets separately.

Cross-border migration. In this part of the dataset, information is
gathered at the country level, by the country of destination. We
observe the year of migration (1988-2019), as well as the country of
residence at time of census (23 countries represented) and the country
of birth of the person surveyed (168 countries represented). We
assume that a migrant’s country of birth is the country she came from.
Cross-border outmigration rates averaged over the period of obser-
vations in each country for which weather data is available are shown in
Fig. 1a. Average cross-border immigration rates in each destination
country for which data is available are shown in Supplementary Fig. S1.

Within-country migration. In this part of the dataset, information is
gathered at the level of subnational administrative units (adm1) by the
country where the migration is taking place. Information necessary to
document within-country migration is available for 71 countries, cov-
ering the period 1989-2019. We observe the current location, as well as
the prior location defined as location either 1, 5,10 years ago, or at time
of previous census, depending on the country. We use the census data
itself to calculate subnational population size, the denominator of our
dependent variable. In order to not loose too many observations, we
assume that the origin population size at time of migration is the same
as its size at time of the last census prior to migration. Finally, as this

part of the dataset is less robust than the cross-border migration
section, we winsorize the within-country bilateral migration rates to
their 0.5-99.5 percentiles. Within-country outmigration rates averaged
over the period of observations in each subnational location for which
weather data is available are shown in Fig. 1b. We note that migration
rates are higher within countries than across borders.

Demographic profiles of migrants. For both within-country and
cross-border migration, we calculate migration rates per demographic
group for each location and time. Demographics are coded as follows:
four categories for education (primary not completed, primary com-
pleted, secondary completed, higher education), four categories for
age (under 15, 15-30 years old, 30-45, above 45), and two categories
for sex (male, female). As we need information on the age, sex, and
education of migrants at time of migration, we assume that a migrant’s
education at time of migration is the same as her education at time of
census. This is a simplifying assumption likely to be false in some cases;
yet for the few observations for which a cause of migration is stated,
education only represents 6% of cases. We ensure the absence of
unrealistic education by forcing lower than secondary education for
individuals younger than 15 at time of migration. The distribution of
within-country and cross-border migrants over demographic category
(education, age, sex) is displayed in Fig. 1c. Cross-border migrants, on
average, have higher education levels and are more likely to be of
working age than within-country migrants.

In a robustness check, we test the effect of having children at
time of migration on the weather-migration relationship (Supple-
mentary Fig. S14). For this additional analysis, the panel unit of
analysis is defined not as a function of age, education, and sex, but
instead as a function of age, education, and whether the individual
had one or more children at time of migration. The latter char-
acteristic is derived from the IPUMS variables giving the age of
eldest own child in the household, as well as the year or period of
migration.

Population. Our dependent variable is the logged transformation of
the outmigration rate, defined as the ratio of number of migrants to
population at origin. For cross-border migration, we use data on
national level population size. We use the UN World Population Pro-
spects, which provides yearly country-level population for the period
1950-2100. Its historical portion stems largely from census data, and
therefore is highly correlated with IPUMS population estimates for
available years. Its projection portion is not used here. For within-
country migration, we use the census data itself (see subsection
“Within-country migration”).

Local temperature data. The Climate Prediction Center compiles and
interpolates station measures to produce a gridded daily maximum
surface air temperature product with 0. 5" by 0. 5 resolution from 1979-
present***. Following®, we use daily maximum rather than mean
temperature to better capture human experience of extreme heat
stress.

Local soil moisture data. The European Space Agency Climate Change
Initiative Plus Soil Moisture Project v06.1 dataset compiles active and
passive satellite measures of surface soil moisture down to a depth of
5cm at daily 0.25 x 0.25° resolution®®”°. Satellite-based measures of
surface soil moisture provide a good measure of water availability for
plant uptake. See ref. 71 for a detailed discussion, and®"”* for empirical
applications to agricultural productivity, a factor relevant to migration.
Soil moisture is measured volumetrically, as the volume of water
contained within a given volume of soil (i.e., ).

Weighting weather data with population density over the year. For
the cross-border migration analysis, we need weather data at the year-
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by-country level. To that aim, we spatially average the polynomial
expansions of daily temperature and soil moisture data over the year
across each country, weighting by population density. For the within-
country migration analysis, we need weather data at the year-by-
subnational unit level. Similarly, we average the polynomial expan-
sions of daily temperature and soil moisture data over the year across
each subnational unit. For illustrative purposes, the daily maximum
temperature per subnational location for which within-country
migration data is available, averaged over the period of observa-
tions, is displayed in Supplementary Fig. S3a. A similar representation
for soil moisture is displayed in Supplementary Fig. S3b.

Including uncertainty on migration timing in weather data. While
the cross-border migration data provides information on the year of
migration, the within-country migration data only provides a range of
years (see subsection “Within-country migration"). Specifically, 86% of
corridor x demographics observations use a specific year, 6% use 1 year
periods, 7% use 5 year periods, and 0.5% use 6-10-year periods. In our
analysis of within-country movements we use weather levels averaged
over the time period corresponding to each census sampling period in
order to account for uncertainty in the timing of the migration event.
As a robustness check, we use non-averaged weather levels of the
earliest possible year of said time period and find similar results for
both out-of-sample evaluation and response curves, as makes sense
given that observations harboring uncertain migration timing make up
less than 8% of the data.

Climate zones. We also explore heterogeneous weather effects on
migration across climate zones at origin because the effects of
weather variability on mobility are likely to differ depending on the
baseline climate. Specifically, we use the Koppen-Geiger climate
classification, which identifies five main climate groups and 30 sub-
groups®. Here, we consider the five main groups (tropical, dry, tem-
perate, continental, polar), and separate the dry group into two (dry-
hot, dry-cold) to better capture effects of temperature and moisture.
To map climate zones to the level of our data, we use recent 1 km
resolution maps of the Koppen-Geiger climate zones”, and calculate
the main climate zone per subnational location or country as the zone
associated with the greatest number of people, as computed
according to population-weighted grid cells. A geographic repre-
sentation of the six zones at locations for which migration and
weather data is available is given in Supplementary Fig. S3c. We do not
present the polar zone in our results because it only accounts for 1% of
our observations.

Simulations of temperature and soil moisture under
climate change. To project local temperature and soil moisture values
under future climate change, we use data from the 67 phase of the
Coupled Model Intercomparison Project (CMIP6)™*. We extract grid-
ded daily temperature and soil moisture. Temperature is the daily
maximum two-meter air temperature ("tmax”) and surface soil
moisture is that in the top 10 cm of soil ("mrsos”), which generally
accords with satellite measures used in empirical analyses”. We pro-
cess these to the country-by-year level by first taking polynomial
expansions of the daily data and then averaging over the year and
national boundaries, weighting by population. We use values from the
SSP5-8.5 scenario over two periods: 2015-2035 and 2080-2100. To get
a single central estimate we take the median of the processed output
over 15 models. The models are ACCESS-ESM1-5, BCC-CSM2-MR,
CanESMS5, CMCC-ESM2, EC-Earth3, GFDL-CM4, INM-CM4-8, INM-CM5-
0, IPSL-CM6A-LR, KACE-1-0-G, MIROC6, MPI-ESM1-2-HR, MPI-ESM1-2-
LR, MRI-ESM2-0, and NorESM2-LM.

To estimate local temperature and soil moisture changes for SSP2-
4.5 and SSP3-7.0, we apply a pattern scaling approach’. We calculate
the SSP2-4.5 and SSP3-7.0 change values by scaling the local changes in

temperature and soil moisture from the SSP5-8.5 scenario by the
fraction of global mean surface temperature change between the
cooler scenario and the warmer scenario. Scaling is performed sepa-
rately for the linear, quadratic, and cubic weather terms at each loca-
tion to allow for differential rates of change between average
temperature and temperature extremes:

AT, =(AT,/AT, )% AT, ,
AT? =(AT,/AT, )" tAT? )
AT} =(AT,/AT, )’ AT,

Here s is the scenario of interest, s, is the benchmark scenario, i is the
location, and T is global mean surface temperature. Scaling for soil
moisture is analogous.

We rescale the SSP5-8.5 data rather than using data from SSP2-
4.5 and SSP3-7.0 directly because SSP5-8.5 was the scenario for which
the largest number of models had available daily temperature and
soil moisture projections at the time of analysis, and because the sets
of models offering projections differ substantially across scenarios.
Using and scaling the SSP5-8.5 projections allows us to incorporate
the greatest number of CMIP6 models - 15 - and maintain a constant
set of CMIP6 models across various warming levels associated with
different SSP scenarios. A large model ensemble enables us to aver-
age over and attenuate noise from substantial differences in simu-
lated values across climate models. In addition, maintaining a
constant set of climate models across scenarios ensures that differ-
ences in results across scenarios are attributable to differences in
climatic changes, not to the climate models used. An illustration of
how weather variables evolve under medium climate change as
represented by the increase in global mean temperature between
periods 2015-2035 and 2080-2100 can be found in Supplementary
Fig. S16.

Looking at the linear terms, we find that the CMIP6 models yield a
local warming that is lower than the global average for 36 countries
and higher for 125 countries, which is in line with the fact that land
warms more quickly than oceans. We also find that increased global
mean temperature leads to dryer conditions in 122 countries, and to
wetter conditions in 39 countries, although the cross-model range
includes O for most countries.

Estimating the effects of weather on migration

Empirical model. We identify the effect of weather on migration of
various demographic groups. The panel unit of analysis is the pro-
portion of people from a specific demographic group (defined as a
function of age, education, and sex) that leave their origin to go to a
given destination. We compare this unit of observation to itself over
time as a non-linear function of temperature and soil moisture of that
year in the origin location (Eq. (2)). Note that because mobility patterns
vary in nature based on whether the move takes place within a country
or across borders, we model within-country migration separately from
cross-border migration.

move
log <¢> =BT, +B> T(Z;,r +B3 Tg,t +B4SM,, , +ﬁSSM§,t

pop, . @)

+ﬂ6SMg,t 0047 W+ 0ot + €041 7

The migration rate is computed as the ratio of the number of people
of demographic characteristics Z moving from origin o to destination
d at time t to total population size in o at ¢. Following®’®, we use the
log transformation of the migration rate as the dependent variable.
The coefficients of interest are the B coefficients, which give the
effects of temperature T and soil moisture SM levels (in degrees Cel-
sius and cm? of water per cm?® of soil) in cubic form. The cubic form is
chosen as the one giving the highest model performance among a
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linear, quadratic, cubic, or restricted cubic splines model. Similarly,
the temperature and soil-moisture pairing gives the highest perfor-
mance as compared to models using solely temperature, solely soil
moisture, solely precipitation, or temperature and precipitation
jointly (Supplementary Fig. S17). Vector Z describes demographic
characteristics by grouping three indicator variables for the educa-
tion, age, and sex of migrants.

Time-invariant fixed effects 6, are specified for each triplet of
origin, destination, and demographic group that account for, e.g.,
geographic proximity between origin and destination as well as
existing diasporas, reflecting the persistence of migration flows.
Location-invariant yearly fixed effects ¢, are also included to account
for migration rate variations that might occur, for example, in
response to a global economic shock. Finally, we include a time trend
in migration 8, for each origin location to account for factors such as
technology developments. The residual €,4,~ captures all remaining
drivers varying over time within origin-destination-demographic
groupings but uncorrelated with the weather variables. We compute
standard errors clustering by origin location. Origin locations are
subnational for within-country migration and country for cross-border
migration.

Testing for heterogeneity across climate zones
As noted earlier, the effects of weather on mobility are likely to differ
depending on the baseline climate. To test this hypothesis, we build off
Eq. (2), whose terms are indicated by the (2) below.

(moueod, £z

o,t
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The new terms interact weather variables with an indicator for the
climate zone K of the origin location (Eq. (3)).

Testing for heterogeneity across demographic characteristics of
migrants. Weather might also affect various demographic groups
differently, since observed mobility patterns already differ across
demographics. To refine our understanding of who is effected by
weather, we interact weather variables in turn with age a, education e,
sex s, and their combinations (Eq. (4)).
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Weather might also affect different demographic groups differently in
each climate zone. To test this, we estimate a model building off of
models (2)-(4) that additionally interacts weather variables with both
demographics and climate zones simultaneously.

Testing for effects of longer-term changes in local climate. As a
robustness check we estimate empirical models using temperature
and soil moisture values averaged over the 10 years preceding each
migration event (Eq. (5)). This approach allows us to examine whether
our results, conditioned primarily on single-year weather, alter when
examined relative to longer-term changes in local climate. Comparing
these effects with effects of shorter-term weather shocks used in our
main specifications highlights if and how migration responses change

sensitivity over the longer run,
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Assessing the predictive ability of our empirical models. Once the
experimental design is set by the fixed effects described in the subsec-
tion “Empirical model", we keep the same design and use the data after
removing fixed effects (i.e., the identifying variation) to conduct cross-
validation exercises. This process enables us to assess each migration
model’s predictive performance out-of-sample. Out-of-sample perfor-
mance, rather than statistical significance, is used for model selection.
To calculate predictive performance, we use 10-fold cross-validation
whereby we split the data randomly into 10 folds and use 9 folds for
training and the one remaining fold for validation. Models are trained
and predictions made for each of the 10 folds. Performance is calculated
on these combined out-of-sample predictions using the coefficient of
determination (R?), which can be interpreted as the share of variation in
migration explained out-of-sample after corridor-by-demographic
intercepts, year intercepts and origin-specific trends have been
removed. The model R? considers both errors related to model bias,
which stem from the expected value of the estimated function differing
from that of the true function, and errors related to model variance,
which stem from the estimated function differing from its expected
value”. To address potential concerns of over-fitting to the validation
set through model selection, we conduct a placebo test where we shuffle
the weather observations and refit the model. Consistent with over-
fitting not being an issue, the shuffled placebo version has no out-of-
sample performance across all specifications. To calculate an uncer-
tainty range for the model performance, we use 20 different seeds for
splitting the data into 10 folds, and conduct cross-validation for each of
the seeds. We present results using the distribution of R* over the
20 seeds (lower to upper adjacent values). Unless specified otherwise, all
hypothesis tests are relative to a null of no effect, and are two-tailed.
To ensure the robustness of our results to the choice of perfor-
mance metric, we also compute the Continuous Ranked Probability
Score (CRPS)’®, using the exact same cross-validation procedure
(Supplementary Fig. S18). To that aim, we assume a Gaussian dis-
tribution of predicted values over the testing sample, and we calculate
the CRPS averaged over observations in the testing sample. Note that
the CRPS is a measure of the prediction error; a lower CRPS reflects a
better performing model. The CRPS gives results that are very similar
to those obtained for R* for both within-country and cross-border
migration. For within-country moves, the rankings of model perfor-
mance based on CRPS and R? are the same, except that the model
including heterogeneity per sex in addition to age and education for
each climate zone has a slightly better (lower) CRPS than the model
performing best in terms of R%. The Spearman’s rank correlation
between R? and CRPS is -0.98 (note that the negative value results from
the opposite ranking order between the two metrics). For cross-border
migration, model ranking remains similar across R? and CRPS perfor-
mance metrics, except that the model allowing differences per climate
zone interacted with age and education gives the best (lowest) CRPS
score, on average, though with a much more variable score. The
Spearman’s rank correlation between R* and CRPS is -0.39 if including
this model, and -.81 if not. Given this model’s low and uncertain pre-
dictive performance as measured by the R?, and its uncertain perfor-
mance as expressed by the CRPS, we instead choose the model
allowing for differences per age, education, and climate zone as our
primary specification because it performs best in terms of R* and
second best in terms of CRPS. Overall, we use the best model
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according to R?, because of its simplicity of interpretation (variance
explained) and common use in the literature, and note that findings are
generally consistent with model selection based on CRPS.

We perform cross-validation for our main line of results by split-
ting data into random folds in order to evaluate the ability of models to
explain historical migration. To more fully characterize how our best
performing models can be used for prediction in policy-relevant con-
texts, we conduct additional tests of model ability to temporally
extrapolate by splitting the data into folds by year, as opposed to the
random splits as done in the main analysis. This approach forces pre-
dictions to be made and evaluated for years not represented in the
training data and is of specific use for evaluating model use in future
climate change projections.

For both within-country and cross-border migration, our best
performing models maintain positive performance over time, though
their performance is not significantly different from zero (Supple-
mentary Fig. S8). To account for the additional challenge of extra-
polating over time, we try a simpler model for cross-border migration,
whereby we restrict the dimensions of heterogeneity considered to
age and education, and use a linear rather than cubic functional form
for temperature, as temperature responses are found to be approxi-
mately linear (Fig. 2b). We find that this simpler model generalizes
better to held-out observations over time (out-of-sample R?=0.0010
[0.0005;0.0015]) and thus use it for climate change projections. A
representation of its response curves is given in Supplementary Fig. S9.

Projections in a future with increasing climate change. Once the
best performing model is selected, we use it as basis for a projection
exercise of migration patterns with increasing climate change over the
21 century. As a straightforward application, we project this model
assuming that climate is the only changing factor while other drivers of
migration do not otherwise change. To project local temperature and
soil moisture values under future climate change, we use data from the
6" phase of the Coupled Model Inter-comparison Project (CMIP6). We
extract from it polynomial expansions of local temperature and soil
moisture (see Data). We then compute the change in migration rates
resulting from changes in local weather variables between two periods,
2015-2035 and 2080-2100, consistent with a medium climate change
scenario (SSP2-4.5) and a pessimistic one (SSP3-7.0), in the countries
and demographic groups present in the estimation sample.

Data availability

The data generated and analyzed for this study are available in the
Harvard Dataverse database under accession code https://doi.org/10.
7910/DVN/FKEPAN"’,

Code availability

The data handling and analysis were conducted in Stata (version 18.5,
packages estout, ftools, distinct, winsor2, palettes, colrspace, spmap,
reghdfe, heatplot, egenmore, mylabels, outreg2, shp2dta) and R (ver-
sion 4.2.3, packages data.table, Hmisc, foreach, doParallel, parallel,
ncdf4, raster, maps, maptools, sp, sf, rgeos, rgdal, ggplot2). Most fig-
ures except maps were produced with Stata, while maps-based figures
were generated with QGIS (version 3.34.15). The complete codes used
to generate and visualize the results of this study are available in the
Harvard Dataverse database under accession code https://doi.org/10.
7910/DVN/FKEPAN"’,
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