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Abstract. Human migration is both motivated and constrained by a multitude of socioeconomic and environ-

mental factors, including climate-related factors. Climatic factors exert an influence on local and regional population density. Here, we examine the implications of future motivation for humans to migrate by analyzing
today’s relationships between climatic factors and population density, with all other factors held constant. Such
“all other factors held constant” analyses are unlikely to make quantitatively accurate predictions, but the order
of magnitude and spatial pattern that come out of such an analysis can be useful when considering the influence of climate change on the possible scale and pattern of future incentives to migrate. Our results indicate
that, within decades, climate change may provide hundreds of millions of people with additional incentive to
migrate, largely from warm tropical and subtropical countries to cooler temperate countries, with India being the
country with the greatest number of people with additional incentive to migrate. These climate-driven incentives
would be among the broader constellation of incentives that influence migration decisions. Areas with the highest projected population growth rates tend to be areas that are likely to be most adversely affected by climate
change.

1

Introduction

Human migration is a complex socioeconomic phenomena driven by mixture of historical, political, cultural, economic, and geographical factors (Black et al., 2011; Boas
et al., 2019; Foresight: Migration and Global Environmental Change, 2011; Greenwood, 1985) – often by the need to
adapt to environmental stressors (Adger et al., 2014) including those caused by climate change (Missirian and Schlenker,
2017; Myers, 1993; Núñez et al., 2002; Stapleton et al.,
2017). Climate change is expected to lead to higher temperatures and an altered hydrological cycle in the coming decades
(McLeman and Hunter, 2010), and temperature and precipitation changes have been shown to influence human migration at the local to regional scale (Barrios et al., 2006; Black
et al., 2011; Bohra-Mishra et al., 2014; Gray and Bilsborrow,

2013; Hsiang et al., 2013; Kelley et al., 2015; Marchiori et
al., 2012; Mueller et al., 2014). Hsiang and Sobel (2016) examined the consequences of migration if everyone moved to
remain at the same annual global mean temperature under a
climate change scenario.
We apply a simple and transparent approach to estimate
the number and geographical distribution of people for whom
temperature and precipitation changes may provide an additional incentive migrate. Of course, people are subject to
a wide range of incentives and constraints; therefore, actual future migration will depend on a much broader set of
factors (Adger et al., 2014; Boas et al., 2019; Greenwood,
1985). Ideally, projections of future human migration patterns would involve the consideration of a wide range of
factors that are difficult to quantify, such as future wealth,
the efficacy of the adaptive response, cultural factors, and
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nonlinear interactions between climate change and population growth (Boas et al., 2019; Holobinko, 2012; Suweis,
2018), although this is a topic with ongoing debate (Afifi,
2011; Bettini, 2013; Boas et al., 2019; Mortreux and Barnett,
2009; Piguet et al., 2011; Suhrke, 1994). For example, Milan
et al. (2015) pointed out that household vulnerability could
impact human migration patterns in the mountainous areas
of the “Global South”. Nevertheless, our goal is to identify
what a continuance of the current relationships between climate variables and global human population density would
imply for future incentives to migrate. While these relationships will not remain fixed in time, it is nonetheless useful
to understand what the direct application of current relationships to future climate would contribute to the set of incentives that will influence future human migration.
2
2.1

Methods
Overview

Nordhaus (2006) applied a regression analysis on geographical and economic data to estimate the influence of climate
variables on the areal density of the gross domestic product (GDP). Samson et al. (2011) used a weighted regression model to identify the ideal temperature and precipitation ranges for human habitation (as measured by population
density) and studied how those ideal temperature and precipitation ranges may change in the future owing to climate
change. Here we apply similar methods to the same dataset,
the Geographically based Economic data (G-Econ), to estimate the influence of climate variables on population density.
To estimate the influence of climate on the attractiveness of different locations, we apply the historical relationship between climate variables and population density
along with projections (Taylor et al., 2012) of future climate
change from the output of the Coupled Model Intercomparison Project Phase 5 (CMIP5) under Representative Concentration Pathways (RCPs; Vuuren et al., 2011), including
RCP2.6, RCP4.5, RCP6.0, and RCP8.5, incorporating future
country-scale demographic population projections from the
United Nations’ World Population Prospects 2015 (United
Nations, 2015). Details are given in Sect. 2.3, but the basic
idea is that if, for example, historical relationships between
population density and climate change would predict a 10 %
decrease in population density for a grid cell in a climate
change scenario, we would estimate that there would be incentive for 10 % of the future population (as estimated by the
UN) to migrate from that grid cell. Of course, many other
factors including family ties, linguistic barriers, lack of resources, employments relations, and so on would be expected
to influence migration decisions. When we report countrylevel results, we integrate across all grid cells within a country and report the net value; thus, our methodology would
not predict the incentive to migrate from a country, when that
country had some grid cells that indicated incentives for emiEarth Syst. Dynam., 11, 875–883, 2020

gration, if other grid cells indicated an even greater incentive
to migrate into that country. When we report country-level results, we consider only cross-border migration with our study
and do not consider movement within a country (Rigaud et
al., 2018).
2.2

Data

This research uses the Geographically based Economic data
(G-Econ) dataset (Nordhaus, 2006) for the historical climate and population data. The G-Econ dataset was originally developed for analyzing global economic activities
and provides gridded (1◦ × 1◦ ) economic (e.g., gross cell
product and population) and geographical (e.g., climate, location, country, distance from seacoasts, soils, and vegetation cover) information covering all terrestrial regions. In total, there are 27 445 grid cells in the dataset. Climatology
data from G-Econ, including annual mean air temperature
(T , in ◦ C) and annual precipitation (P , in mm yr−1 ), were
derived from the Climate Research Unit average climatology high-resolution datasets (New et al., 2002). The gridded
population (N) was adapted from the Gridded Population
of the World (GPW) dataset (http://sedac.ciesin.columbia.
edu/data/collection/gpw-v3, last access: 2 October 2020).
More details and the data download link are available at
http://gecon.yale.edu/, last access: 2 October 2020).
In this study, we used the population density (D) and the
geographical data from the G-Econ dataset, including T , P ,
distance to lake (DL, in km), distance to major river (DMR,
in km), distance to river (DR, in km), distance to ocean (DO,
in km), elevation (E, in m), and surface roughness (roughness, in m).
To make our projections, we used T and P in historical
(i.e., 1960–2005) climate as well as future (2006–2100) climate scenarios from the output of the Coupled Model Intercomparison Project Phase 5 (CMIP5), which produces a
state-of-the-art multi-model dataset to advance the knowledge of climate change. We collected the model projected
T and P (20 model projections; see Table S1 in the Supplement) under all RCPs, including RCP2.6, RCP4.5, RCP6.0,
and RCP8.5, from the CMIP5 dataset to represent the range
of future climate projections. We regridded the CMIP5 data
to a 1◦ × 1◦ common grid using bilinear interpolation.
We used the historical and predicted (median variant)
country-level population data from the “World Population
Prospects: The 2015 Revision” by the United Nations Department of Economic and Social Affairs (United Nations,
2015). We use Wi,y to denote the population estimated by
the UN for grid cell i in year y, and we use Wc,y to denote
the population estimated by the UN for country c in year y.
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2.3

Analysis

2.3.1

Year 2005 population density and within-country
distribution

Areal population density for the year 2005 in each grid cell
i (Di ) was calculated from the population (Ni ) of 2005, grid
area (Ai , in km2 ), and the land fraction of the grid (Li , no
unit) from the G-Econ dataset:
Di = Ni / (Ai × Li )

(1)

We denote the fraction of the population of country c living
in grid cell i with the symbol di,c :
X
di = Ni / Ni ,
(2)
i∈c

where i ∈ c indicates that the summation is performed over
all grid cells in country c. The distributional parameter, di,c ,
is considered to be constant in time.

Antarctica, Greenland, and grid cells with zero precipitation
were excluded from this analysis.
The values for the β coefficients are determined by an
area-weighted ordinary least squares curve fit to log10 D.
Fitting of the above linear regression model was conducted
in MATLAB R2017a (http://www.mathworks.com/products/
matlab/, last access: 2 October 2020). In total, 20 503 grid
cells had data for all of the parameters needed for the fitting
procedure. Variability that is not explained by Eq. (3) is assumed to be the result of unknown factors which we treat as
invariant with time.
2.3.3

Linear regression model

Our methods for estimating climate influence on the population density parallels methods previously applied (Nordhaus,
2006) to estimate climate influence on the areal density of the
GDP. The basic idea is to find a single set of coefficients that
explain within-country relationships between population, climatic, and geographical variables. For our regressions, we
used data from the G-Econ dataset. The Climate Research
Unit average climatology high-resolution datasets were used
to fill the missing data in the G-Econ dataset. To estimate the
logarithm of the population density from both geographical
(G) and climatic variables (C), we used the following equation:
log10 D = β0 + Gβ G + Cβ C ,

(3)

where D is a vector of grid-scale population densities (i.e.,
Di for grid cell i). Specifically,

Population change projections

We first calculated the ratio of the population in the changed
climate relative to the base-state climate (here taken to be
the climate in the period preceding 2005) in region i for the
climate in year y considering climate factors alone (ri,y ):
ri,y =

2.3.2

Di,y
Di,2005

(8)

For each grid, we calculated ri,y for each year from 2006
to 2100 using Eq. (8) and the 30-year moving average of T
and P projected by each CMIP5 model. (The 30-year moving average ends on the period under consideration so that
decisions are made on past but not future climate states.)
In the absence of climate change, we would estimate the
population in grid cell i in country c for year y (Wi,y ) to be
di,c × Wc,y , where c is the country containing grid cell i. If
we directly apply the population change ratio under climate
change (ri,y ) to the population estimates, the population considering climate change would be ri,y × Wi,y . However, this
estimate must be scaled to conserve total population. Thus,
the population Ni,y of grid cell i in year y can be estimated
to be
P
di,c × Wc,y
i∈c
Ni,y = ri,y × Wi,y × P
(9)
ri,y × di,c × Wc,y
i∈c



G = country soil DL DMR DR DO E roughness

(4)
h

C = T T 2 T 3 p p2 p3 T p T 2 p p2 T

i

(5)

Here, T is as defined above, and p is log 10 P . “country”
and “soil” are categorical variables, and β G and β C are the
numerical coefficient vectors on geographical and climatic
variables, respectively.

β G =transpose βG,country βG,soil βG,DL βG,DMR

βG,DR βG,DO βG,E βG,roughness
(6)
and

β C =transpose βC,T βC,T 2 βC,T 3 βC,p βC,p2

βC,p3 βC,Tp βC,T 2 p βC,p2 T
https://doi.org/10.5194/esd-11-875-2020
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(7)

By carrying this adjustment out, we conserve the total global
population but also consider climate change when estimating
the spatial distribution of the population.
We then estimate the number of people for whom climate
change is projected to provide additional incentive to migrate
for grid cell i and year y (indicated by 1Ni,y ) as
1Ni,y = Ni,y − Wi,y

(10)

Negative 1Ni,y values are interpreted as indicating areas
where climate change provides additional incentive to emigrate; positive values indicate areas that are projected to increase in relative attractiveness. (Even if every location were
to decrease in absolute attractiveness due to climate change,
places with a smaller absolute decrease would increase in relative attractiveness.)
Earth Syst. Dynam., 11, 875–883, 2020
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We define fi,y = Ni,y /Wi,y , so that fi,y − 1 indicates the
fractional change in the population that would be required to
offset the influence of climate change on the attractiveness of
grid cell i in year y. When fi,y − 1<0, it means that grid cell
i has become less attractive. We integrated Ni,y for grid cells
in each country c to yield Nc,y and define fc,y = Nc,y /Wc,y .
We calculate results independently for each of the CMIP5
models’ simulations (Taylor et al., 2012) and present median
results. Where a range is reported, it encompasses results for
68 % of the CMIP5 models.
We report results to two significant figures. The computer
scripts written in MATLAB R2017a used to perform our
analyses are available upon request.
3

Results

The regression of population density against geographical
and climate variables as described above (see also Sect. 2 and
the Supplement) explains 72 % of the geographical variance
in the logarithm of the population density. Parameter values
and their uncertainties are shown in Table S2; p values, based
on a Student’s t test on coefficients for all temperature- and
precipitation-related variables, are <0.0005, indicating that
these results are unlikely to have been obtained by chance.
Applying our regression equation to climate model and demographic projections, we find that 1Ni,y is negative (i.e.,
indicating decreased attractiveness) in regions that are already hot and are projected to experience substantial additional warming under climate change (primarily tropical and
subtropical regions), whereas 1Ni,y is positive (i.e., indicating increased attractiveness) in cooler regions (primarily in
the temperate regions of the Northern Hemisphere; Figs. 1a
and S1a, b, c).
Under RCP8.5, India has the largest negative 1Nc,2100
value among countries (0.89 billion, range from 0.77 to
1.10 billion; Fig. 1b), followed by Nigeria (0.46 billion,
range from 0.38 to 0.58 billion). The other countries with the
largest negative 1Ni,2100 values are the Democratic Republic of Congo (0.20 billion), Indonesia (0.18 billion), Niger
(0.14 billion), Sudan (0.11 billion), the Philippines (0.10 billion), Bangladesh (0.09 billion), Tanzania (0.09 billion), and
Pakistan (0.08 billion). In contrast, China, Russia, and the
United States all have positive 1Nc,2100 values.
The fi,2100 metric is less than 0.3 in parts of the northern African tropical savanna, tropical South America, and
tropical Asia under RCP8.5, indicating that future incentives
to migrate from those areas may be substantial. The fi,2100
metric is >5 in much of Canada, Russia, and Scandinavia,
as well as parts of the United States and China (Fig. 1c),
which could indicate that – in the absence of other barriers –
these regions could become migration destinations. Results
for RCP2.6, RCP4.5, and RCP6.0 show similar spatial patterns but at a lower magnitude (Fig. S1).

Earth Syst. Dynam., 11, 875–883, 2020

The countries with the largest projected population growth
by the year 2100 tend to be countries with the largest negative
1Nc,2100 values (Fig. 2). The equation 1Nc,2100 = (1.79 ±
0.06) 1Wc,2100 +(0.21±0.02) explains 79 % of the variation
in population-weighted 1Nc,2100 (best estimate ±1 standard
error). Figure 2 shows that the average projected population
increase from 2005 to 2100 (1Wc,2100 ; on the x axis) is negatively correlated with the number of people in each country with additional incentive to emigrate (1Nc,2100 ; on the
y axis). About 70 % of the projected global population in the
year 2100 lives in a country that is expected to experience
population growth and for which 1Nc,2100 is <0 (lower right
quadrant in Fig. 2). In contrast, 14 % of the global population
in 2100 is projected to live in a country with a population
lower than today and for which 1Nc,2100 is >0 (upper left
quadrant in Fig. 2). Similar patterns are found under other
scenarios (Fig. S2).
Figure 3 shows 1Ni,y values integrated over all grid cells
with 1Ni,y <0, indicating the number of people for whom
climate change may produce an additional incentive to migrate. Under all of the RCP scenarios, this integrated value
increases over the next few decades (Fig. 3), reaching 0.6
to 1.9 billion people by 2050 (depending on RCP scenario).
By the year 2100 under RCP8.5, this number increases to
about 3.8 billion people (range from 3.3 to 4.9 billion people), which is about one-third of the projected global population in 2100.

4

Discussion and conclusions

In this section, we discuss some of the relevance of the results of our calculations for the real world. We intend our
quantitative results to indicate possible orders of magnitude
and global-scale spatial patterns of people with changed incentives; we do not intend our results to be interpreted as
quantitative predictions of future climate-induced human migration.
It is clear that population distributions are related to climate variables. Population densities tend be very low in both
very hot areas (e.g., Death Valley) and very cold areas (e.g.,
Alaska) and tend to be relatively high in areas with intermediate temperatures (e.g., New York City). Similarly, population densities tend to be low in very dry areas (e.g., central
Australia) and very wet areas (e.g., northern Australia) and
relatively high where there is an intermediate amount of precipitation (e.g., Sydney, Australia). Our calculations consider
changes in temperature and precipitation only, under the artificial assumption that all other factors remain constant. Further, our calculation treats the relationship between climate
and incentive to move as constant in time. However, factors such as the availability of indoor work in air-conditioned
environments would surely modify these relationships. This
study isolates a narrow range of factors under ceteris paribus
assumptions. We hope that our study motivates efforts to
https://doi.org/10.5194/esd-11-875-2020
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Figure 1. The number of people for whom climate change is projected to provide additional incentive to migrate under RCP8.5 per 1◦ × 1◦

grid cell: (a) 1Ni,2100 (in thousands of people per grid cell) and (b) 1Nc,2100 (in billions people per country). (c) The fractional change in
the population that would be required to offset the influence of climate change on the relative attractiveness of living in a particular location
for the year 2100 (fi,2100 ) under scenario RCP8.5 . To isolate the effect of climate change on incentives to migrate, all factors are held
constant, except for climate and country-level population. Of course, many other factors influence migration decisions.

quantitatively address the panoply of factors that can influence migration decisions.
Our highly idealized calculations are intended to indicate
the scale and geographical distribution of people for whom
climate change might provide an additional incentive to mi-

https://doi.org/10.5194/esd-11-875-2020

grate. Our calculations also indicate the regions that climate
change might make more attractive to potential migrants.
Clearly, migration decisions are influenced by a wide range
of factors (Fussell et al., 2014; McLeman and Hunter, 2010).
Further, there is often a substantial incentive to avoid migra-

Earth Syst. Dynam., 11, 875–883, 2020

880

M. Chen and K. Caldeira: Climate change as an incentive for future human migration

Figure 2. Country-level projections for population increase in
the year 2100 relative to the year 2005 (1Wc,2100 = Wc,2100 −
Wc,2005 , x axis) and the number of people for whom climate change
is projected to provide additional incentive to migrate under RCP8.5
(1Nc,2100 ; y axis). The areas of the circles are proportional to the
year 2100 population. The color scale is as per Fig. 1b. The line
shows the population-weighted linear trend. Negative values on the
y axis indicate additional incentive to emigrate; positive values indicate countries that increase in relative attractiveness. The results
hold all factors constant, except for climate and country-level population. The data used to produce this figure are provided in Table S3.

tion entirely; thus, additional incentive to migrate does not
imply an overall positive net incentive to migrate. Consequently, the number of people who will have positive net incentive to migrate as a result of climate change is less than
the number of people for whom climate change will provide
an additional incentive to migrate. Migration is one of many
possible adaptive responses to climate change. For example,
people might choose to cool interior spaces with air conditioners (Barreca et al., 2016). Another response could be a
shift from agricultural work in rural environments to industrial or service-sector jobs in more urbanized environments
(Jiang and O’Neill, 2017; Neill et al., 2010). Thus, migration
flows can be influenced by differences in the types of development and not only climatic factors.
Our results indicate that India may be the country that
will contain the largest number of people for whom climate change may provide an additional incentive to emigrate.
West Africa, in particular Nigeria, may be the second most
important area in this regard (Fig. 1a, b). This is largely a
consequence of the high population densities in areas that
are already warm and are projected to get warmer. Our results indicate that many people living in the Amazon region
Earth Syst. Dynam., 11, 875–883, 2020

would have additional incentive to emigrate, but the population density is generally low. More generally, climate change
may provide many people living in the tropics with additional
incentive to emigrate (Fig. 1c). In contrast, our regression
equations indicate that, from a purely climatic perspective,
climate change may increase the attractiveness of northern
countries, such as China, Russia, Canada, Norway, Sweden,
and Finland, relative to most other parts of the world.
There is a country-level correlation between projected
population increase and the degree to which climate change
is projected to provide additional incentive to emigrate. This
correlation suggests that population increases have the potential to exacerbate the negative effects of climate change
in much of the world. Over two-thirds of the global population in 2100 is projected to live in a country with a greater
population than today and for which climate change may
provide additional incentive to emigrate. In contrast, about
one in seven people are projected to live in a country with
a lower population and where climate change may cause the
location to become relatively more attractive. China is the
largest country that is expected to experience both a decrease
in population and an increase in climate-related relative attractiveness. Moreover, our calculations suggest that India
could be the largest potential source of climate emigrants and
that China could potentially be the largest potential destination for climate immigrants (Fig. 1b). However, immigration
in China is currently very limited (Abel and Sander, 2014).
Thus, barriers to migration in Southeast Asia could potentially become an important source of future climate-related
conflict (Hsiang et al., 2013).
Climate change may provide hundreds of millions of people with additional incentive to migrate over the coming
decades and potentially billions of people with additional incentive to migrate by the end of this century (Fig. 3). Approximately 0.8 billion people are provided with additional
incentive to migrate per 1 ◦ C increase in air temperature over
global land (Fig. 3b). The number of people projected to
have additional incentive to migrate by the year 2100 under
RCP4.5 or RCP6.0 is about half that projected under RCP8.5,
and the number projected under RCP2.6 is about half that
projected under RCP4.5 or RCP6.0. This result points to the
important role that emissions reductions may play in reducing climate-related incentives to migrate. Successful local
adaptation measures could greatly reduce incentives to migrate (Adger et al., 2014).
Climate change is likely to induce a complex web of dynamical interactions at a range of spatial and temporal scales,
and these interactions are not well represented by our model.
A more complete treatment of migration, and not simply an
examination of one possible set of incentives as we have done
here, would require embedding our results in the broader
context of incentives that could influence migration decisions
(Piguet et al., 2011). For example, factor such as language,
work, and family ties can provide strong incentive not to migrate. Therefore, projections of how climate change might
https://doi.org/10.5194/esd-11-875-2020
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Figure 3. (a) The number of people projected to experience additional climate-related incentive to emigrate under four Representative

Concentration Pathways (RCPs) against years, and (b) the number of people projected to experience additional climate-related incentive to
emigrate against the change in the 30-year moving mean temperature over global land relative to 2005. The lines show the median value
across CMIP5 models with results from 66 % of the models falling within the shaded area. The results hold all factors constant, except for
climate and country-level population.

affect migration are fraught with uncertainty. Nevertheless,
the results of our calculations may indicate areas where climate change can be expected to provide large numbers of
people with an additional incentive to migrate – primarily
from the tropics to the middle and high latitudes of the Northern Hemisphere. This change in climate-driven incentives to
migrate is one factor among many that need to be included in
a comprehensive understanding of possible future migration
flows.
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