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Abstract: This paper discusses the effects of long-term environmental change (represented by
the abundance or scarcity relative to the long-term average level of crop yield/river flow) and
short-term environmental shock (represented by the maximum number of consecutive years below
the median crop yield/river flow per decade) on population redistribution in Mexico and Ethiopia.
Crop production and water resources, which are affected by climate change and influence human
survival and activities, were selected as research variables. Two developing countries, namely,
Mexico and Ethiopia, were selected as comparison cases. The results showed that short-term
environmental shocks had no correlation with population redistribution. Short-term environmental
shocks might fail to influence migration decisions or cause only temporary displacements that
cannot be detected by demographic statistics. Among the long-term environmental change factors,
only crop yield deviation was found to have a significant positive correlation with population
redistribution. Based on two different datasets and two different decades, crop yield deviation is
positively correlated with population redistribution; the correlation coefficients between crop yield
deviation and population redistribution were 0.134 to 0.162 in Mexico and 0.102 to 0.235 in Ethiopia.
When urbanization was considered as the control variable, the correlation coefficient between crop
yield deviation and population redistribution in Mexico dropped by half, while it was almost the
same in Ethiopia. However, Ethiopia’s population redistribution was more clearly influenced by the
population itself. Crop yield deviation relative to water flow deviation meant changes in livelihoods.
Population redistribution is a possible means of adapting to changes in livelihood. Mexico exhibited
high resilience to changes in livelihoods caused by long-term environmental change, especially in its
densely populated areas. In contrast, Ethiopia was characterized mainly by high population growth
and low population migration. People in some areas of Ethiopia were forced to endure hardship
of livelihood deterioration or to stay where they were due to the difficulty of obtaining sufficient
resources to afford the cost of migration.
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1. Introduction

During the 20th century, the world population increased from 1.65 billion to six billion [1].
The world population is currently growing by approximately 74 million people per year, with most
growth occurring in developing countries [2]. Much of the focus of the population-environment
literature is on how population growth impacts the environment [3-5]. Specific focus areas include the
effects of population dynamics on environmental degradation [6], water resources [7], deforestation [8],
and food security [9]. However, few studies have investigated how environmental change influences
demographic processes [10-12]. This study aimed to contribute to the literature on this topic.

Recent research illuminated the ways in which a number of population variables, such as age and
sex composition, household demographics, and the elements and processes of the population balancing
equation, are related to environmental change [3]. Some research found a reciprocal relationship
between population dynamics or development and environmental change [3]. Population redistribution
is driven by social, economic, geographical, and environmental factors in complex ways, making it very
difficult to predict outcomes [13]. Economic development ([14], industrialization and urbanization [15],
education [16], and environmental change [3] all influence population redistribution. For some
countries, especially countries with rapid economic growth, population redistribution caused by
environmental change is often masked by a variety of socio-economic factors. Identifying the
relationships between population redistribution and environmental variability and change is a
challenging task. Under the background of global climate change, the relationship between environment
and population redistribution attracted extensive attention [17]. Climate change has observable
effects on the environment and has the potential to impose additional pressure in some regions [18].
Climate change is recognized as a “threat multiplier” that compounds the difficulties currently facing
developing countries [19,20]. Some environmental factors driven by climate change were shown to
affect population redistribution, but the effects are often non-linear [21,22]. Environmental change
includes not only slow processes, such as changes in precipitation or temperature [23], but also rapid,
extreme events, such as extreme wet and dry events [24]. Some studies found that it has a different
response of population spatial movement for these two different categories of environmental changes.
Slow environmental change may lead to population migration [25], whereas sudden natural disasters
or extreme events are more likely to cause temporary displacement [12].

In this paper, we estimate the contributions of changes in water availability and agricultural
crop yields to past changes in population distribution. We select Mexico and Ethiopia as study cases
for a few reasons. Firstly, Mexico and Ethiopia are both developing countries, but the former is
an upper-middle-income economy, whereas the latter is a low-income economy [26]. In addition,
these countries represent contrasting cases in terms of dependence on agriculture; Mexico has 13%
of its population working in the agricultural sector and obtains 4% of its gross domestic product
(GDP) from agriculture, whereas, for Ethiopia, the corresponding percentages are 73% and 37% [26,27].
Secondly, these two countries have moderate population sizes and land areas relative to world
averages, lending them a certain amount of comparability. Thirdly, they are both low-latitude countries.
A growing body of evidence shows that low-latitude countries will experience the greatest impacts
from global warming [28]. Finally, regardless of the differences in overall income between the
countries, both have large proportions of their populations living in poverty, and poor populations are
generally more vulnerable to the effects of climate change than wealthier populations [29]. The world’s
demographic center of gravity will continue to shift from developed countries to developing countries
and less developed countries, many of which will face unprecedented and daunting challenges related
to the supply and distribution of food and water [4]. The relationship between environmental change
and population redistribution can be analyzed more comprehensively by selecting and comparing two
developing countries with different degrees of development.

Although water resources and agriculture are not the only environmental influences on populations,
these two factors are considered essential to rural livelihoods [30,31]. Water and food security are major
concerns, particularly in the least developed countries [32]. By correlating population redistribution
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directly with model-based estimates of historical crop yield and river flow, our analysis represents
an important advance over previous studies that used weather-based proxies for these variables,
usually temperature or precipitation.

2. Data and Methods

2.1. Data

Three databases were used, including The Gridded Population of the World version 4 (GPW-v4)
population count grids database, the Global Human Settlement (GHS) Built-Up grids database, and the
Inter-Sectoral Impact Model Intercomparison Project phase 2a (ISIMIP2a) database.

These different databases are inconsistent in resolution. The resolutions of the GPW and GHS
datasets are 30 arc-seconds (~1 km), and that of the ISIMIP2a database is 0.5 degrees. For this
study, we selected an intermediate resolution of 0.25 degrees. We used the Zonal Statics tool of
ArcGIS/ArcToolbox to aggregate the first two databases and used the Resample tool to resample the
third database (ISIMIP2a database). The purpose of unifying the resolution of the different databases
was to obtain sufficient data accuracy and data samples (2537 cells for Mexico and 1090 cells for
Ethiopia) to analyze the spatial distribution characteristics of the two countries. A detailed description
of potential factors influencing population redistribution and their data sources is given below (Table 1).

Table 1. Potential factors influencing population redistribution and their data sources.

Category Variable Abbreviation Database Institution
Dep gndent Population redistribution PopReDist GPW ! CIESIN 2
variable
Crop yield deviation MeanYield ISIMIP 3 PIK *
Water flow deviation MeanFlow ISIMIP PIK

Independent Maximum number of consecutive

variable years below median crop yield ConsecLowYield ISIMIP PIK
Maximum number of consecutive ConsecLowFlow ISIMIP PIK
years below median water flow
Control Built-up Built-up GHS?® EC®
Variables Population Pop GPW CIESIN

! Gridded Population of the World. 2 Center for International Earth Science Information Network. 3 The Inter-Sectoral
Impact Model Intercomparison Project. * Potsdam Institute for Climate Impact Research. 5 The Global Human
Settlement. © the European Commission.

2.1.1. Population Redistribution

The Gridded Population of the world (GPW) version 4 [33] is a gridded data product that
facilitates the integration of population data with earth science data. It models the distribution
of human populations on a continuous global surface [34]. The data source is based on census
data from all countries in the world, and the statistical unit of census data varies from country to
country (https://sedac.ciesin.columbia.edu/data/collection/gpw-v4). The population data of Mexico
and Ethiopia discussed in this paper were based on census data of cities and towns (administrative
units below the state level). The identification degree of its census data was about 15 min (about 30 km),
and some urban areas had a higher identification degree. Population redistribution (PopReDist) in
this paper was the spatial population change over decades, which is the absolute change for each
grid with the resolution of 0.25 degrees. This database provides variables of spatial distribution of
population (Pop) for the years 1990, 2000, and 2010 and spatial population redistribution (PopReDist)
for 1990-2000 and 2000-2010 by subtracting data of the previous year from the last year.
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2.1.2. Built-Up

The Global Human Settlement (GHS) database distributed by the European Commission (EC)
provides built-up grid data and contains a multi-temporal information layer on built-up presence as
derived from Landsat image collections (GLS1975, GLS51990, GLS2000, and ad hoc Landsat 8 collection
2013/2014). Through data-interpolation processing, this database provides variables of Built-Up for the
years 1990, 2000, and 2010.

2.1.3. Climate Change Impacts

The Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) addresses climate impacts in a
range of systems and sectors such as health, coastal infrastructure, and forests and other ecosystems.

The first ISIMIP simulation round, the ISIMIP Fast Track, had a focus on providing cross-sectorally
consistent projections of the impacts of different levels of global warming in the 21st century.
The common set of scenarios made use of climate projections from five global climate models
(GCMs) driven by the recommended concentration pathways (RCPs), making ISIMIP a natural
extension of the work done within the Coupled Climate Model Intercomparison Project (CMIP) [35].
ISIMIP2a includes modeling intercomparison efforts in fisheries, permafrost, biodiversity, regional water,
forests, and energy, as well as those sectors already covered in the Fast Track. This serves as a basis
for model evaluation and improvement, allowing for improved estimates of the biophysical and
socio-economic impacts of climate change at different levels of global warming [36]. ISIMIP2b is
designed to provide robust information about the impacts of 1.5 °C global warming and related
low-emission pathways [37,38]. In this paper, we used the simulation data of crops yield and
water resources provided by ISIMIP2a. In the present work, the focus was on impacts of surface
freshwater availability and crop yields since these factors are likely to have the greatest direct
impacts on the livelihoods life and development of population [39]. Both factors were modeled
using the global gridded biosphere model LPJmL [40,41]. The model LPJmL (“Lund-Potsdam-Jena
managed Land”) was designed to simulate vegetation composition and distribution, as well as
stocks and land—-atmosphere exchange flows of carbon and water, for both natural and agricultural
ecosystems. Using a combination of plant physiological relations, generalized empirically established
functions, and plant trait parameters, it simulates processes such as photosynthesis, plant growth,
maintenance and regeneration losses, fire disturbance, soil moisture, runoff, evapotranspiration,
irrigation, and vegetation structure [42-44]. Annual crop yields are simulated for each of the four major
crops (maize, wheat, rice, and soy beans) and for rain-fed and irrigated cultivation assuming crop
growth on all land grid cells [45]. These yields are weighted by each cell’s corresponding growing area
around the year 2000. The resulting index has units of production (tons per hectare), but its variability
represents yield variability because the growing areas are static. The weighted yield indices for all four
crops are summed to obtain an overall yield index that is comparable across countries (assuming that
these four crops represent, in both countries, the majority of crops produced). Water availability is
represented by monthly river flow (discharge) averaged over each year. Importantly, the simulations
do not take into account any water withdrawals for human use (such as irrigation) or any other
human-induced changes to the water cycle. This means that any changes over time in simulated water
availability can be attributed to changes in weather patterns.

The model is driven by two different climate reanalysis datasets to account for potential
uncertainties in climate reconstructions: the Global Soil Wetness Project phase 3 forcing dataset
(GSWP3) [46] (http://hydro.iis.u-tokyo.ac.jp/GSWP3/), based on the 20th century reanalysis (20CR),
and the Princeton Global Forcing dataset version 2 (PGFv2) [47], based on NCEP/NCAR reanalysis
(The NCEP/NCAR Reanalysis data set is a continually updated (1948—present) globally gridded data
set that represents the state of the Earth’s atmosphere, incorporating observations and numerical
weather prediction (NWP) model output from 1948 to present. It is a joint product from the National
Centers for Environmental Prediction (NCEP) and the National Center for Atmospheric Research
(NCAR)). Both sets of simulations extend from 1970 to 2010.
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We investigated the influences of changes in mean environmental conditions and in the occurrence
of prolonged adverse conditions (bad harvests, droughts) on population redistribution. The resulting
variables are called MeanYield and MeanFlow and represent the abundance or scarcity level relative
to the long-term average. We then calculate the maximum number of consecutive years below the
median crop yield/river flow for each decade. The resulting variables are called ConsecLowYield and
ConsecLowFlow and measure the successive shocks to crop production and water availability systems
in each decade.

Of course, extreme wet and dry events may significantly affect the water and agricultural
systems [24]. For example, Lesk et al. analyzed the influence of extreme weather disasters on
global crop production and found that production losses due to droughts were associated with a
reduction in both harvested area and yields, whereas extreme heat mainly decreased cereal yields [48].
The societal infrastructure is becoming more sensitive to weather and climate extremes, which would
be exacerbated by climate change [49]. However, on the one hand, a majority of climate change models
underestimate the extremeness of impacts in important sectors such as agriculture, terrestrial ecosystems,
and heat-related human mortality [38]; on the other hand, environmental change is expected to increase
the likelihood and impacts of extreme weather events, and the scientific argument of climate-related
disasters is increasingly confident, but the impacts on human population patterns are unclear and
unpredictable. [50]. Therefore, the effects of extreme weather events on population redistribution are
not considered in this paper.

2.2. Methods

In this paper, we used crop—water model variables as independent variables and investigated
their correlations with population redistribution. Of course, there are discussions about migration
and climate change, such as climate migration [23,51,52]. However, it is difficult to get reliable net
migration data. In addition, either the mechanical growth of the population (through migration) or
the natural growth is likely to be affected by climate change. Therefore, it was reasonable to use
population redistribution as a dependent variable. The reason for using these variables was that crop
and water models do not include any changes in human management, such as growing areas. There is
no feedback from population to crops and water. As for validation data or observed data on crop yields,
both climate change and socioeconomic change have impacts on the results; however, perhaps the latter
is more important and significant. In addition, the population redistribution also affects crop yield
output (such as changes in labor input), thus forming a circular argument. For our purposes, it was
preferable to use simulation data over observed data. To reduce the influence of model simulation
errors on regression results, two different sets of modeling data on crop production and water discharge
distributed by ISIMIP were adopted: Lpjml_Gswp3 and Lpjml_Princeton. The two sets of data were
obtained by using the agricultural and water resources model LPJmL, which was driven by two different
observational climate datasets (GSWP3 and Princeton Global Forcing data PGFv2) to assess the effects of
the choice of climate data on the results. Considering the availability of population data, correlation and
regression analyses are performed for the two eras of the 1990s and the 2000s. Environmental variables,
including crop yield deviation (MeanYield), water flow deviation (MeanFlow), maximum number of
consecutive years below median crop yield (ConsecLowYield), and maximum number of consecutive
years below median water flow (ConsecLowFlow) were included as independent variables. Built-up
area (Built-up) and population (Pop) were included as control variables. These two control variables
are factors that have significant impacts on population redistribution and can objectively reflect the
demographic characteristics in the two countries.

Pearson’s correlation coefficients between the dependent variable (PopReDist), independent
variables (MeanYield, MeanFlow, ConsecLowYield, and ConsecL.owFlow) and control variables
(Built-up and Pop) were calculated with the water—crop modeling data for each of the periods the
1990s and the 2000s.
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OLS (ordinary least squares) regression was then conducted to investigate the influences of the
independent variables. Three different models were considered in the OLS regression. OLS Model 1
examined the impacts of four environmental variables on population redistribution. OLS Model 2
explored the impacts of environmental variables on population redistribution while controlling for the
impact of urbanization level. OLS Model 3 included Pop as control variable; it explored the impacts
of the environmental change variables on population redistribution while controlling for population
density. VIF (Variance inflation factor) was used to assess the degree of multicollinearity among the
independent variables.

Formal studies of population redistribution tended to focus on identifying patterns that are
presumed to hold universally [4,53,54]. The global regression assumes that the relationships between
the variables are homogeneous across space. However, spatial dependences often are not homogeneous
across large geographical regions [55]. We were more concerned about areas where spatial redistribution
is sensitive to climate change. In addition, GWR can be used to statistically avoid the influence of
multicollinearity. To address this issue, a geographically weighted regression (GWR) model was
used to explore the spatially varying relationships between the dependent variable and the potential
influencing variables [13,56]. The spatial regression coefficients of each grid in GWR were not the
regression results of itself, but the spatial coefficients in the local area based on optimal bandwidth.
Of course, spatial regression methods are not limited to GWR; there are other spatial regression
methods, such as kriging, spatial error regression, etc.

In the OLS multiple regression model, the dependent variable y (population redistribution) is
statistically related to a set of N independent variables x as follows:

N
Yi :ﬁo+2xjﬁj+é‘i, @
=1

where i = 1 to M, where i is an index of the number of cells for which data are available, M is the total
number of cells of the country, By is the intercept, ; represents the beta coefficients for each dependent
variable, and ¢ is a randomly distributed error term. An OLS regression model can be converted into a
GWR (geographically weighted regression) model by substituting each beta coefficient (the intercept
and the dependent variable coefficients) with its local counterpart such that the beta coefficients can

vary across space.
N

Yi = Poue;) + Z XiBj(uip) + €ir @)
j=1

where i =1toM, and (u;,v;) is the location in geographic space of the i-th observation. A set of beta
coefficients (and, hence, a regression model) is estimated at each location based only on neighboring,
geographically weighted data cells. A key feature of this approach is the ability to calibrate the spatial
weighting function to identify the bandwidth, i.e., the number or proximity of neighboring cells
included that results in a “best-fit” model. In this paper, AICc (corrected Akaike information criterion)
is used as the bandwidth method.

If an environmental change variable (MeanYield, MeanFlow, ConsecLowYield, or ConsecLowFlow)
was found to have a significant correlation with population redistribution consistently across both
crop—water model datasets and both decades, it could be considered as having a robust effect on
population redistribution. Urbanization level (Built-up) and population (Pop) were included as control
variables. The effects of environmental change on population redistribution may differ between urban
and rural areas and among areas with different population densities. The robustness of environmental
changes on population redistribution was analyzed by comparing different control variables.
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3. Case Study Countries

In this paper, we selected two countries at different stages in the demographic transition,
Mexico and Ethiopia, as case studies. Mexico, located in the southern portion of North America,
is the eleventh most populous country in the world and the second most populous country in Latin
America (after Brazil), covering almost two million square kilometers. It has an estimated population
of over 129 million, with 71.9% of the population living in urban areas. Ethiopia is in the horn of
Africa. With over 104 million people, 20.4% of whom live in urban areas, Ethiopia is the second most
populous nation on the African continent (after Nigeria); it occupies a total area of 1.1 million square
kilometers [26].

Figure 1 presents the urban, rural, and total populations from 1990 to 2017. The data source is
from the world bank open data (https://data.worldbank.org/). In 1990, the population of Mexico was
85.4 million, and that of Ethiopia was 48.1 million. The population of Ethiopia was only approximately
half of that of Mexico in 1990. By 2017, the populations of Mexico and Ethiopia were 129.2 million
and 105 million, respectively. The population numbers of the two countries are more similar currently.
Over a period of nearly three decades, from 1990 to 2017, the annual population growth rates of Mexico
and Ethiopia were 1.6% and 3.05%, respectively. Currently, Ethiopia has a rapidly growing population,
whereas Mexico’s population has a low growth rate. The proportion of Ethiopia’s population living
in urban areas increased from 12.6% in 1990 to 20.4% in 2017, whereas Mexico’s urban population
increased from 52.1% in 1990 to 71.9% in 2017. The rural population of Ethiopia in 1990 and 2017 was
42 million and 80 million, respectively; thus, the rural population nearly doubled in three decades.
However, in Mexico, the rural population in 1990 and 2017 was 40 million and 36.9 million, respectively,
revealing a slight decline in the rural population. Given that the total population is growing, the shift
from a farming population to non-farming is evident in Mexico. Much of the migration (~65%) in
Mexico from 2005 to 2010 was to urban destinations [57]. Mexico is a highly urbanized country with a
rapidly rising urban population, whereas Ethiopia remains a predominantly agricultural country with
a slowly increasing urban population.
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Figure 1. Urban, rural, and total population of Mexico (left) and Ethiopia (right).

Figure 2 shows the population distribution of Mexico and Ethiopia in 2000. Mexico’s population
distribution is highly concentrated, with high densities in the capital and surrounding areas and with
the population in the northern, eastern, and coastal areas being highly concentrated in urban areas.
While having high population density in the capital, Ethiopia has low population density overall and
low densities in remote areas far from the capital.
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Figure 2. Population distribution in Mexico (upper panel) and Ethiopia (lower panel) in 2000.

4. Analysis

4.1. Correlation Analysis

An exploratory correlation analysis was performed to examine the relationships between
the independent and dependent variables. Table 2 shows the correlation matrix of all variables.
The correlations for Mexico and Ethiopia were calculated separately for each of the past two decades
(the 1990s and the 2000s). Four environmental variables, i.e., MeanYield, MeanFlow, ConsecLow Yield
and ConsecLowFlow, were calculated based on the Lpjml_Gswp3 and Lpjml_Princeton datasets.
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Table 2. Correlation matrix of the dependent and independent variables.

Lpjml_Gswp3 Lpjml_Princeton
Mexico 1990-2000 PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up
MeanYield 0.167 ** 0.143 **
MeanFlow 0.051 ** 0.168 ** 0.006 0.053 **
ConsecLowYield 0.025 0.073 ** 0.039 * 0.089 ** 0.120 ** —0.102 **
ConsecLowFlow —0.024 —-0.006 —0.054 ** 0.110 ** 0.006 —-0.021 0.009 0.002
Built-up 0.605 ** 0.147 ** 0.042 * 0.001 —-0.012 0.605 ** 0.137 ** —-0.002 0.050 * 0.027
Pop 0.512 ** 0.162 ** 0.033 0.026 —0.008 0.859 ** 0.512 ** 0.151 ** —-0.008 0.060 ** 0.004 0.859 **
Mexico 2000-2010 PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up
MeanYield 0.142 ** 0.146 **
MeanFlow 0.011 0.171 ** 0.038 0.223 **
ConsecLowYield —-0.036 —0.180 ** —0.053 ** -0.003 —0.154 ** —-0.072 **
ConsecLowFlow 0.028 —0.046 * —0.233 ** 0.075 ** 0.028 —0.021 —0.109 ** —0.005
Built-up 0.609 ** 0.124 ** 0.009 —-0.028 0.033 0.609 ** 0.115 ** 0.032 —0.001 0.034
Pop 0.454 ** 0.113 ** 0.012 —-0.014 0.015 0.928 ** 0.454 ** 0.102 ** 0.032* -0.003 0.017 0.928 **
Ethiopia 1990-2000 PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up
MeanYield 0.109 ** 0.252 **
MeanFlow 0.163 ** 0.393 ** 0.171 ** 0.566 **
ConsecLowYield —0.002 0.043 0.089 ** —0.176 ** 0.024 —-0.009
ConsecLowFlow —0.066 * 0.029 0.249 ** 0.147 ** -0.55 —0.064 * —-0.059 0.070 *
Built-up 0.361 ** 0.003 0.072 0.009 -0.012 0.361 ** 0.027 0.019 0.028 0.019
Pop 1.000 ** 0.109 ** 0.163 ** —0.001 —0.066 ** 0.363 ** 1.000 ** 0.252 ** 0.172** —0.177 ** —0.055 0.363 **
Ethiopia 2000-2010  PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up PopReDist MeanYield MeanFlow ConsecLowYield ConsecLowFlow Built-Up
MeanYield 0.182** 0.100 **
MeanFlow 0.171 ** 0.269 ** 0.080 ** —0.161 **
ConsecLowYield -0.114 ** —0.198 ** —0.152 ** —0.144 ** -0.213 ** -0.114 **
ConsecLowFlow -0.077 * -0.020 —-0.176 ** 0.187 ** —-0.109 ** 0.150 ** —0.155 ** —0.084 **
Built-up 0.339 ** —-0.028 0.029 —-0.030 —-0.012 0.339 ** —0.050 0.043 —0.043 0.014
Pop 0.977 ** 0.181 ** 0.186 ** —0.134 ** —0.094 ** 0.391 ** 0.977 ** 0.120 ** 0.048 —0.133 ** —-0.059 0.391 **

** Correlation is significant at the 0.01 level (two-tailed). * Correlation is significant at the 0.05 level (two-tailed).
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In both Mexico and Ethiopia, the two control variables (Built-up and Pop) had strong positive
correlations with the dependent variable (PopReDist). In Mexico, the correlation coefficient of the
Built-up was 0.605 for the 1990s and 0.609 for the 2000s; these values were higher than the correlation
coefficient of Pop, which was 0.512 for the 1990s and 0.454 for the 2000s. Possible reasons for the greater
influence of Built-up on population redistribution in Mexico are higher migration from rural areas
to urban areas or higher natural population growth rate in urban areas. In Ethiopia, the correlation
coefficient of population distribution was 1.0 for 1990 and 0.977 for 2000, which indicates that population
redistribution in Ethiopia is largely determined by natural population growth, and migration plays a
relatively limited role.

Regarding the environmental variables, in Mexico, with both sets of modeling data and in both
decades, MeanYield was significantly and positively correlated with population redistribution; it was
the only environmental variable to exhibit a significant correlation. In contrast, in Ethiopia, MeanYield
and MeanFlow were positively correlated with population redistribution, whereas ConsecLow Yield
and ConsecLowFlow were negatively correlated with population redistribution. The correlation results
were consistent across datasets and across decades, although not all correlations were significant in all
cases. For Ethiopia, we must carefully demonstrate the correlation between environmental change
factors and population redistribution.

4.2. OLS Results

In the OLS analysis, we examined the regression coefficients describing the relationships between
independent variables and dependent variables. MeanYield and MeanFlow can be expected to be
positively correlated with population redistribution. In theory, an increase in crop production or
water resources indicates improved living conditions, which promotes population increase; decreases
in these factors can be expected to result in population decrease. Furthermore, ConsecLowYield
and ConsecLowFlow can be expected to be negatively correlated with population redistribution,
as continuous shortages of agriculture or water resources worsen living conditions, resulting in
population decrease.

For Mexico, when no control variable was considered (Model 1), there was a significant positive
correlation between MeanYield and population redistribution with both datasets and in both decades;
correlations between the other three environmental variables and population redistribution were
not detected (Table 3). When Built-up (Model 2) or Pop (Model 3) were introduced as control
variables, MeanYield continued to show a significant positive correlation with the dependent variable.
However, after including the control variables, the standardized correlation coefficient between crop
yield deviation and population redistribution was significantly reduced. We can conclude that crop
yield deviation (MeanYield) in Mexico has a robust effect on population redistribution. Tables 3
and 4 show the OLS regression results between the four environmental change variables in Mexico
and Ethiopia and the dependent variable (population redistribution). The correlation coefficients
between the independent variable and the dependent variable in Tables 3 and 4 are standardized
correlation coefficients.
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Table 3. Ordinary least squares (OLS) regression results for Mexico.
1990-2000 2000-2010
Lpjml_Gswp3 Model 1 VIF Model 2 VIF Model 3 VIF Model 1 VIF Model 2 VIF Model 3 VIF
Memvied  CI2 g QST qgs 00RS g OMOS g 006 00 g
MeanFlow (gig%) 1.033 (%f;i) 1.033 (82;3) 1.033 (_09'7%%? 1.087 (_()9'7%?3 1.087 (_0?'7(;25) 1.087
ConsecLowYield (8:2;% 1.019 (8:;)58) 1.019 (8:2%) 1.020 (_0%%193) 1.038 (_00602%8) 1.038 (_o(.)é,%lz? 1.038
ConsecLowFlow (_0(2325‘; 1.016 (_(Si%g 1.016 (—()(2(;159) 1.016 (8:82’;) 1.062 (8:252) 1.063 (8:%% 1.062
Builtup 0B Lo B0 oy
Adjusted R? 0.027 0.371 0.268 0.020 0.374 0.214
Lpjml_Princeton = Model 1 VIF Model 2 VIF Model 3 VIF Model 1 VIF Model 2 VIF Model 3 VIF
MeanYield 0(;%%8;* 1.020 0('8%%;* 1.038 ()('8.601)8;* 1.042 0('3%90;;* 1.078 O('S%%S;* 1.091 0('(1)%%;;* 1.088
MeanFlow (grggg) 1.014 (8:;);?) 1.014 (8:2;5) 1.014 (8:%)2) 1.070 ("0%(1%% 1.070 0('8.%15;* 1.070
ComsecLowiicld A% o OO gy 00 001 000 008 g
ConsecLowFlow (8:222) 1.001 (_0%%%2 1.001 (822(7); 1.001 (8:232) 1.012 (gjg%) 1.014 (8:%2) 1.013
Builtup 0B L 00 L
Pop 09 oo B
Adjusted R? 0.024 0.371 0.268 0.021 0.376 0.215

Dependent variable: population redistribution. *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 4. OLS regression results for Ethiopia.

12 of 21

1990-2000 2000-2010
Lpjml_Gswp3 Model 1 VIF Model 2 VIF Model 3 VIF Model 1 VIF Model 2 VIF Model 3 VIF
Memvid Oy QMOS0 g OITe gy IRE 00 g
MeanFlow (8:%;) 1.270 ?(j.o()5666; 1.279 (_o(.)%g% 1.301 0('01.10%;;* 1.119 O('S%SOS;* 1.121 (_0(.)&3? 1.137
ConsecLowYield (_0%%%3) 1026 —0.006(0.828) 1.026 _(%%i;) T 1026 _(%'.%216; T 1084 _(8:8852)* 1.085 %9(15 4*; 1.091
ConsecLowFlow _?6.101(?0;** 1.091 _?6.03071;** 1.093 (8:2(5);) 1.104 (_09107%? 1.064 &fﬁg 1.064 (0(5.0(?866; 1.067
Builtup 0007 OIS Lo
Adjusted R? 0.037 0.158 1.000 0.052 0.165 0.955
Lpjml_Princeton = Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
MeanYield 0('5.%%5;* 1.474 o(.g%%;;* 1.475 (g:ggé) 1.535 (261.831*)* 1.100 O('S?O%S;* 1.103 (_o(.)i(ile,()) 1.113
Mewkow 000 a0 D0 00 gy 0 02 g
ConsecLowYield _?(').15000;** 1.006 _?(.).108090;** 1.007 (8,'3?2) 1.043 _?(')?02060;** 1.079 _?6.1(?(?0;** 1.082 _(%"%})Z; ) 1.092
ConsecLowFlow (_()95()7276) 1.010 (_0%%37? 1.010 (_0%%(; 1.011 _(()6.1550;** 1.048 _?6.1()3(?0;” 1.048 0('8%%;;* 1.054
Builtup 00 Lo 0O L7
Pop 090 Loy 02 L
Adjusted R? 0.095 0.224 1.000 0.043 0.158 0.958

Dependent variable: population redistribution. *** p < 0.01; ** p < 0.05; * p < 0.1.
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In Ethiopia, we firstly examined the correlation between population redistribution and
environmental change factors (Model 1). MeanYield and MeanFlow had positive correlations with
population redistribution, and ConsecLowYield and ConsecLowFlow had negative correlations
with population redistribution (Table 4). Although the correlation results were consistent with our
expectations, the correlations were not consistently significant across two crop-water datasets in two
decades. When Built-up, which reflects urbanization level, was included in the model as a control
variable (Model 2), the adjusted R? for Mexico was significantly increased to approximately 0.37,
whereas Ethiopia’s adjusted R? was approximately 0.16. Compared with that in Ethiopia, the degree of
urbanization in Mexico has a greater impact on population redistribution. In Ethiopia, urbanization is
still in the primary development stage, and population redistribution is only weakly influenced by
Built-up. However, when Built-up was introduced as a control variable, population redistribution
and crop yield deviation (MeanYield) in Ethiopia were significantly and positively correlated in both
decades and with both datasets.

When Pop was included as the control variable (Model 3), the adjusted R? value of Ethiopia
was much higher than that of Mexico. When the influence of Pop on population redistribution
was controlled, in Ethiopia, there was no correlation between crop yield deviation (MeanYield) and
population redistribution under Model 3.

In general, for Mexico, with or without the control variables, MeanYield consistently showed
a significant positive correlation with population redistribution. However, there were no obvious
correlations between the other three environmental change factors and population redistribution.
In Ethiopia, there was the suggestion of a possible effect of crop yield deviation on population
redistribution, but the coefficients were small and of opposing signs between decades under OLS
Model 3. The lack of consistent results between decades might be due to poor population data and
poor crop—water model performance.

In summary, no significant impact of short-term environmental shock on population redistribution
was found. Crop yield deviation (MeanYield) was the key environmental change factor influencing
population redistribution in both Mexico and Ethiopia, as evidenced by models based on two different
datasets and two different decades.

4.3. GWR Results

Here, we explore the spatially varying relationships between the dependent variable and potential
influencing variables with GWR with the two sets of crop—water modeling data for the 1990s and the
2000s. In the OLS analysis, we found that crop yield deviation had a relatively strong correlation with
population redistribution, whereas there was no obvious correlation between any of the other three
environmental change factors and population redistribution. In the GWR analysis, we investigated
the spatial correlation between crop yield deviation and population redistribution. The white part of
Figures 3 and 4 shows the area without data, and the gray part represents areas that did not exhibit
significant correlations (t-values with significance less than 90%). The green areas represent areas
with positive spatial correlations, and the red areas represent those with negative spatial correlations.
The results show that MeanYield was positively correlated with population redistribution in most areas.
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Figure 3. Spatial distribution of correlation coefficients of MeanYield and population redistribution in Mexico. The first, second, and third rows show the distributions
of the correlation coefficients under no control variable (Model 1), with Built-up as a control variable (Model 2), and Pop as a control variable (Model 3), respectively.
The first and second columns present the coefficient distributions of MeanYield calculated using the LPJmL_Gswp3 and LPJmL_Princeton model data, respectively,
for 1990-2000, and the third and fourth columns present the corresponding distributions for 2000-2010.
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Figure 4. Spatial distribution of correlation coefficients of MeanYield and population redistribution in Ethiopia. The first, second, and third rows show the distributions
of the correlation coefficients under no control variable (Model 1), with Built-up as a control variable (Model 2), and Pop as a control variable (Model 3), respectively.
The first and second columns present the coefficient distributions of MeanYield calculated using the LPJmL_Gswp3 and LPJmL_Princeton model data, respectively,
for 1990-2000, and the third and fourth columns present the corresponding distributions for 2000-2010.



Appl. Sci. 2019, 9, 5219 16 of 21

Figure 3 shows the spatial distribution of the correlation coefficients between crop yield deviation
and population redistribution in Mexico. The first, second, and third rows show the distributions of the
correlation coefficients of MeanYield with no control variable (Model 1), Built-up as a control variable
(Model 2), and Pop as a control variable (Model 3), respectively. The first and second columns present
the coefficient distributions of MeanYield calculated using the LPJmL_Gswp3 and LPJmL_Princeton
model data, respectively, for 1990-2000, and the third and fourth columns present the corresponding
distributions for 2000-2010. Figure 4 shows the spatial distribution of the coefficients of the correlation
between crop yield deviation and population redistribution in Ethiopia, which is consistent with
Figure 3.

In Mexico, with no control variable (Model 1), the correlation between MeanYield and population
redistribution was positive; positive coefficients were mainly distributed in the capital and nearby
areas and gradually decreased from the capital to the surrounding areas. For 1990-2000, only parts of
the west coast showed negative correlations (Figure 3, top row of panels). When including Built-up
as a control variable (Model 2), the distribution of correlation coefficients was similar to that for
Model 1; however, under Model 2, the positive coefficient areas were more concentrated in the densely
populated capital city and nearby areas, and there were almost no areas with negative correlation
coefficients. Therefore, the influence of crop yield deviation on population redistribution was more
apparent when Built-up was controlled for. When population was included as the control variable
(Model 3), we obtained results similar to those obtained with Model 1, with positive coefficients.

In Ethiopia, population development was mainly reflected in the rapid growth of population,
and crop yield deviation and population redistribution were positively correlated at the country
scale. Crop yield deviation in Ethiopia was positively correlated with population redistribution in
peripheral areas but negatively correlated in the central areas with high population density (Figure 4,
row 1). When Built-up was included as the control variable (Model 2), the results (second row of
Figure 4) were similar to those obtained with Model 1 except that the area of positive correlation was
expanded and that of negative correlation was reduced. However, when population was included
as the control variable (Model 3), no significant correlation between population redistribution and
crop yield deviation was observed at the country level, and the distribution of coefficients revealed no
specific patterns.

In conclusion, in Mexico, crop yield deviation has a robust positive correlation with population
redistribution in the densely populated capital and nearby areas; however, in other areas, population
redistribution is not significantly affected by crop yield deviation. Thus, in the capital and nearby
areas, population redistribution effectively adapts to environmental changes (manifested as crop yield
deviation). In Ethiopia, crop yield deviation impacts population redistribution at the country level.
Unlike the pattern in Mexico, in the peripheral areas in Ethiopia, which are mainly non-urbanized
areas, there are positive spatial correlations between crop yield deviation and population redistribution.
However, in the densely populated capital and nearby areas, the correlations are negative. In local
areas, population development and environmental changes cannot be coordinated, and people’s lives
may deteriorate further. The potential decline of living standards may further hinder the free flow of
the population.

5. Discussion

This paper aimed to explore the potential impacts of long-term and short-term environmental
changes on population redistribution. Crop production and water resources, which are closely related to
human living conditions, were selected as environmental change factors. Some related studies showed
that short-term environmental shocks have different effects than long-term processes, typically resulting
in temporary and short-distance population movements [58]. In some poor countries, because people
lack sufficient resources for supporting migration, displaced people often have to return to their
hometowns, and some people remain stationary [59]. Migration due to short-term environmental shocks
is difficult to predict and observe [58]. In this paper, short-term environmental shocks, as measured by
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consecutive years below median crop yield (ConsecLowYield) and consecutive years below median
water flow (ConsecLowFlow), were not found to be correlated with population redistribution. It is
possible that population redistribution is not affected by short-term environmental shocks or that
demographic data do not capture temporary population movements.

Some studies yielded conflicting results about the impacts of long-term environmental change on
population redistribution. Large-scale population displacement caused by drought was observed in
some countries in Africa, Latin America, and the Middle East [60]. However, in some poor counties,
such as Mali in the mid-1980s, due to the lack of adequate resources to support migration, migration
declined relative to past levels [61]. Furthermore, Cattaneo found that temperature rise gradually
reduced international migration in some poor countries [62]. By using Mexico and Ethiopia as case
studies, employing two different model datasets, considering two decades, and considering Pop and
Built-up as control variables, it was found that crop yield deviation was significantly correlated with
population redistribution at the country level. However, there was no consistent significant correlation
between water flow deviation and population redistribution. Long-term environmental changes
tended to result either in migration, which is generally perceived as being voluntary and predominantly
economically motivated, or in immobility [58]. Reduced crop production means the deterioration of
livelihoods for people, especially farmers. Economic losses from environmental change might have a
more direct impact on people’s migration decisions than short-term environmental shocks.

Analysis at the local level of the relationship between crop yield deviation and population
redistribution in Mexico and Ethiopia revealed spatial heterogeneity. The main factor causing
population redistribution in Mexico was population migration, whereas the natural population
growth rate in the country was low. In the face of the challenges imposed by environmental change,
migration was a common response. As one of the least developed countries in the world, Ethiopia
is characterized by a high population growth rate. Because it is difficult to obtain enough resources
to support migration, environmental change may also result in immobility [61,63]. The notion of
“trapped” populations was used to describe those who are not able to migrate even if they wish to do
so. Immobility may be a forced choice [58].

6. Conclusions

Environmental changes caused by climate change are increasingly affecting human survival
and development. Crop production and water resources are the most important factors affecting
human survival. The present study found no correlation between short-term environment shocks
and population redistribution. Regarding long-term environmental change, crop yield deviation was
found to have robust impacts on population redistribution at the country level in Mexico and Ethiopia.
Based on two different datasets and two different decades, the correlation coefficients between crop
yield deviation and population redistribution were 0.134 to 0.162 in Mexico and 0.102 to 0.235 in
Ethiopia. When urbanization was considered as the control variable, the correlation coefficient between
crop yield deviation and population redistribution in Mexico dropped by half, while it was almost the
same in Ethiopia. However, when population was introduced as a control variable, there was little
significant correlation between crop production deviation and population redistribution in Ethiopia.
There was a suggestion of a possible effect of crop yield deviation on population redistribution, but the
correlations were not significant and not consistent across areas in Ethiopia. Crop production deviation
is associated with changes in livelihood in developing countries and indirectly affects population
growth and migration. Another long-term environmental change factor, water flow deviation, did not
exhibit a significant correlation with population redistribution in either country. A possible reason for
this result is that this factor does not directly affect the survival and development of human beings and
does not necessarily entail a shortage of absolute water resources.

There was marked spatial heterogeneity in the relationship between crop yield deviation and
population redistribution. In Mexico, crop yield deviation mainly affected population redistribution
in the densely populated capital area and nearby areas. However, in Ethiopia, crop yield deviation
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showed a positive correlation with population redistribution in the peripheral areas but a negative
correlation in the capital and nearby areas.

Regarding population adaptability to environmental changes, people in Mexico were able to
adapt to crop yield deviation by migrating, whereas, in Ethiopia, although crop yield deviation was
positively correlated with population redistribution, the relationship appears to be indirect. In some
places, declines in crop production were accompanied by population increases, which aggravated the
vulnerability of populations to environmental change.

There is no doubt that climate change had some effects on population redistribution in developing
countries, as shown by the cases of Mexico and Ethiopia. The effect of environmental changes factors
related to climate change was indirectly related to population redistribution, especially in densely
populated areas with more prominent human-land conflict. As a developing country with slow
population growth but high migration rates, Mexico’s internal migration was conducive to adapting to
the effects of climate change. However, in Ethiopia, an underdeveloped country with a fast-growing
population, people had to passively endure the adverse effects of climate change. For developing
countries like Mexico, the key question is to properly arrange and guide climate migration, including
how to find new livelihoods for migrants from rural to urban areas. For underdeveloped countries
such as Ethiopia, the unaffordable cost of migration becomes an obstacle to migration. The rapid
population growth rate further aggravates the contradiction between human and land. At the present
stage, the focus should be on how to strengthen the local climate adaptation capacity.

Author Contributions: Organizing, H.X., S.B.A. and A.d.S.; writing, H.X.; review and editing, S.B.A., A.d.S. and
B.J.; supervision A.d.S.

Funding: This work was supported by the project of the Key Technologies Research and Development Program
of China (grant number 2017YFE0100700). and the National Natural Science Foundation of China (grant number
4140010410) This work was also supported by the World Bank.

Acknowledgments: Thanks to Center for International Earth Science Information Network (CIESIN) and Potsdam
Institute for Climate Impact Research(PIK) for providing relevant research data.

Conflicts of Interest: The authors declare no conflict of interest.

References

Lee, R. The Outlook for Population Growth. Science 2011, 333, 569-573. [CrossRef] [PubMed]
UN. World Population Prospects: The 2015 Revision, Highlights. Popul. Dev. Rev. 2015, 36, 854—855.

3. De Sherbinin, A.; Carr, D.; Cassels, S.; Jiang, L. Population and environment. Annu. Rev. Environ. Resour.
2007, 32, 345-373. [CrossRef] [PubMed]

4. Walker, R.J. Population Growth and its Implications for Global Security. Am. . Econ. Sociol. 2016, 75,
980-1004. [CrossRef]

5. Hummel, D.; Adamo, S.; de Sherbinin, A.; Murphy, L.; Aggarwal, R.; Zulu, L.; Liu, J.; Knight, K. Inter- and
transdisciplinary approaches to population-environment research for sustainability aims: A review and
appraisal. Popul. Environ. 2013, 34, 481-509. [CrossRef]

6.  Bloom, D.E. 7 Billion and Counting. Science 2011, 333, 562-569. [CrossRef]

7. Wada, Y.; Gleeson, T.; Esnault, L. Wedge approach to water stress. Nat. Geosci. 2014, 7, 615-617.

8.  Geist, H].; Lambin, E.F. Proximate causes and underlying driving forces of tropical deforestation. Bioscience
2002, 52, 143-150. [CrossRef]

9. Godfray, H.C.J.; Beddington, J.R.; Crute, ILR.; Haddad, L.; Lawrence, D.; Muir, ].E; Pretty, J.; Robinson, S.;
Thomas, S.M.; Toulmin, C. Food Security: The Challenge of Feeding 9 Billion People. Science 2010, 327,
812-818. [CrossRef]

10. Thiede, B.; Gray, C.; Mueller, V. Climate variability and inter-provincial migration in South America,
1970-2011. Glob. Environ. Change-Human Policy Dimens. 2016, 41, 228-240. [CrossRef]

11. De Sherbinin, A.; VanWey, L.K.; McSweeney, K.; Aggarwal, R.M.; Barbieri, A.; Henry, S.; Hunter, LM.;
Twine, W.; Walker, R. Rural household demographics, livelihoods and the environment. Glob. Environ.
Change-Human Policy Dimens. 2008, 18, 38-53. [CrossRef] [PubMed]


http://dx.doi.org/10.1126/science.1208859
http://www.ncbi.nlm.nih.gov/pubmed/21798936
http://dx.doi.org/10.1146/annurev.energy.32.041306.100243
http://www.ncbi.nlm.nih.gov/pubmed/20011237
http://dx.doi.org/10.1111/ajes.12161
http://dx.doi.org/10.1007/s11111-012-0176-2
http://dx.doi.org/10.1126/science.1209290
http://dx.doi.org/10.1641/0006-3568(2002)052[0143:PCAUDF]2.0.CO;2
http://dx.doi.org/10.1126/science.1185383
http://dx.doi.org/10.1016/j.gloenvcha.2016.10.005
http://dx.doi.org/10.1016/j.gloenvcha.2007.05.005
http://www.ncbi.nlm.nih.gov/pubmed/19190718

Appl. Sci. 2019, 9, 5219 19 of 21

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Nawrotzki, R.J.; DeWaard, J.; Bakhtsiyarava, M.; Ha, J.T. Climate shocks and rural-urban migration in Mexico:
Exploring nonlinearities and thresholds. Clim. Chang 2017, 140, 243-258. [CrossRef] [PubMed]
Gutierrez-Posada, D.; Rubiera-Morollon, F.; Vinuela, A. Heterogeneity in the Determinants of Population
Growth at the Local Level: Analysis of the Spanish Case with a GWR Approach. Int. Reg. Sci. Rev. 2017, 40,
211-240. [CrossRef]

Beeson, PE.; DeJong, D.N.; Troesken, W. Population growth in US counties, 1840-1990. Reg. Sci. Urb. Econ.
2001, 31, 669-699. [CrossRef]

Cervero, R. Road expansion, urban growth, and induced travel-A path analysis. ]. Am. Plan. Assoc. 2003, 69,
145-163. [CrossRef]

Lutz, W.; KC, S. Global Human Capital: Integrating Education and Population. Science 2011, 333, 587-592.
[CrossRef]

Warner, K. Global environmental change and migration: Governance challenges. Glob. Environ. Chang. Hum.
Policy Dimens. 2010, 20, 402-413. [CrossRef]

Arnell, N.W. Climate change and global water resources: SRES emissions and socio-economic scenarios.
Glob. Environ. Chang. Hum. Policy Dimens. 2004, 14, 31-52. [CrossRef]

Stephane Hallegatte, M.B.; Laura Bonzanigo, M.E,; Tamaro Kane, U.N.; Julie Rozenberg, D.T.; Vogt-Schilb, A.
Shock Waves: Managing the Impacts of Climate Change on Poverty; Climate Change and Development; World Bank:
Washington, DC, USA, 2016.

Vorosmarty, C.J.; Green, P; Salisbury, J.; Lammers, R.B. Global water resources: Vulnerability from climate
change and population growth. Science 2000, 289, 284-288. [CrossRef]

Mueller, V.; Gray, C.; Kosec, K. Heat stress increases long-term human migration in rural Pakistan.
Nat. Clim. Chang. 2014, 4, 182-185. [CrossRef]

Warner, K. Human migration and displacement in the context of adaptation to climate change: The Cancun
Adaptation Framework and potential for future action. Environ. Plan. C Gov. Policy 2012, 30, 1061-1077.
[CrossRef]

Hayes, A.C.; Adamo, S.B. Introduction: Understanding the links between population dynamics and climate
change. Popul. Environ. 2014, 35, 225-230. [CrossRef]

Chowdhury, A K,; Kar, KK.; Shahid, S.; Chowdhury, R.; Rashid, M.M. Evaluation of spatio-temporal rainfall
variability and performance of a stochastic rainfall model in Bangladesh. Int. |. Climatol. 2019, 39, 4256—-4273.
[CrossRef]

McLeman, R.; Smit, B. Migration as an adaptation to climate change. Clim. Chang. 2006, 76, 31-53. [CrossRef]
WorldBank. World Development Indicators. Available online: http://databank.worldbank.org/data/Views/
Reports/ReportWidgetCustom.aspx?Report_Name=CountryProfile&ld=b450fd57&tbar=y&dd=y&inf=
n&zm=n (accessed on 1 December 2017).

ILO ILOSTAT 2017. Available online: http://www.ilo.org/global/statistics-and-databases/lang--en/index.htm
(accessed on 1 December 2017).

Kerr, R A. ADAPTATION TO CLIMATE CHANGE Time to Adapt to a Warming World, but Where’s the
Science? Science 2011, 334, 1052-1053. [CrossRef]

Yohe, G.; Tol, R.S.]. Indicators for social and economic coping capacity-moving toward a working definition
of adaptive capacity. Glob. Environ. Chang. Hum. Policy Dimens. 2002, 12, 25—-40. [CrossRef]

Cai, R; Feng, S.; Oppenheimer, M.; Pytlikova, M. Climate variability and international migration: The
importance of the agricultural linkage. J. Environ. Econ. Manag. 2016, 79 (Suppl. C), 135-151. [CrossRef]
Alcamo, J.; Florke, M.; Marker, M. Future long-term changes in global water resources driven by
socio-economic and climatic changes. Hydrol. Sci. J. 2007, 52, 247-275. [CrossRef]

De Sherbinin, A.; Castro, M.; Gemenne, E; Cernea, M.M.; Adamo, S.; Fearnside, PM.; Krieger, G.; Lahmani, S.;
Oliver-Smith, A.; Pankhurst, A ; et al. Preparing for Resettlement Associated with Climate Change. Science
2011, 334, 456-457. [CrossRef]

CIESIN (Center for International Earth Science Information Network—Columbia University). Gridded Population
of the World, Version 4 (GPWwv4): Population Count Adjusted to Match 2015 Revision of UN WPP Country Totals;
NASA Socioeconomic Data and Applications Center (SEDAC): Palisades, NY, USA, 2016. [CrossRef]
Doxsey-Whitfield, E.; MacManus, K.; Adamo, S.B.; Pistolesi, L.; Squires, J.; Borkovska, O.; Baptista, S.R.
Taking Advantage of the Improved Availability of Census Data: A First Look at the Gridded Population of
the World, Version 4. Pap. Appl. Geogr. 2015, 1, 226-234. [CrossRef]


http://dx.doi.org/10.1007/s10584-016-1849-0
http://www.ncbi.nlm.nih.gov/pubmed/28435176
http://dx.doi.org/10.1177/0160017615589009
http://dx.doi.org/10.1016/S0166-0462(01)00065-5
http://dx.doi.org/10.1080/01944360308976303
http://dx.doi.org/10.1126/science.1206964
http://dx.doi.org/10.1016/j.gloenvcha.2009.12.001
http://dx.doi.org/10.1016/j.gloenvcha.2003.10.006
http://dx.doi.org/10.1126/science.289.5477.284
http://dx.doi.org/10.1038/nclimate2103
http://dx.doi.org/10.1068/c1209j
http://dx.doi.org/10.1007/s11111-014-0208-1
http://dx.doi.org/10.1002/joc.6071
http://dx.doi.org/10.1007/s10584-005-9000-7
http://databank.worldbank.org/data/Views/Reports/ReportWidgetCustom.aspx?Report_Name=CountryProfile&Id=b450fd57&tbar=y&dd=y&inf=n&zm=n
http://databank.worldbank.org/data/Views/Reports/ReportWidgetCustom.aspx?Report_Name=CountryProfile&Id=b450fd57&tbar=y&dd=y&inf=n&zm=n
http://databank.worldbank.org/data/Views/Reports/ReportWidgetCustom.aspx?Report_Name=CountryProfile&Id=b450fd57&tbar=y&dd=y&inf=n&zm=n
http://www.ilo.org/global/statistics-and-databases/lang--en/index.htm
http://dx.doi.org/10.1126/science.334.6059.1052
http://dx.doi.org/10.1016/S0959-3780(01)00026-7
http://dx.doi.org/10.1016/j.jeem.2016.06.005
http://dx.doi.org/10.1623/hysj.52.2.247
http://dx.doi.org/10.1126/science.1208821
http://dx.doi.org/10.7927/H4SF2T42
http://dx.doi.org/10.1080/23754931.2015.1014272

Appl. Sci. 2019, 9, 5219 20 of 21

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.
55.

Warszawski, L.; Frieler, K.; Huber, V.; Piontek, F.; Serdeczny, O.; Schewe, J. The Inter-Sectoral Impact Model
Intercomparison Project (ISI-MIP): Project framework. Proc. Natl. Acad. Sci. USA 2014, 111, 3228-3232.
[CrossRef] [PubMed]

Rosenzweig, C.; Arnell, N.W,; Ebi, K.L.; Lotze-Campen, H.; Raes, F.; Rapley, C.; Smith, M.S.; Cramer, W.;
Frieler, K.; Reyer, C.P.O.; et al. Assessing inter-sectoral climate change risks: The role of ISIMIP.
Environ. Res. Lett. 2017, 12, 010301. [CrossRef]

Frieler, K.; Lange, S.; Piontek, F; Reyer, C.P.O.; Schewe, ].; Warszawski, L.; Zhao, F; Chini, L.; Denvil, S.;
Emanuel, K,; et al. Assessing the impacts of 1.5 °C global warming—simulation protocol of the Inter-Sectoral
Impact Model Intercomparison Project (ISIMIP2b). Geosci. Model Dev. 2017, 10, 4321-4345. [CrossRef]
Schewe, J.; Gosling, S.N.; Reyer, C.; Zhao, F; Ciais, P; Elliott, ].; Francois, L.; Huber, V.; Lotze, HK.;
Seneviratne, S.I; et al. State-of-the-art global models underestimate impacts from climate extremes.
Nat. Commun. 2019, 10, 1005. [CrossRef]

Harper, S. Population-Environment Interactions: European Migration, Population Composition and Climate
Change. Environ. Resour. Econ. 2013, 55, 525-541. [CrossRef]

Bondeau, A.; Smith, P.C.; Zaehle, S.; Schaphoff, S.; Lucht, W.; Cramer, W.; Gerten, D.; Lotze-campen, H.;
Miiller, C.; Reichstein, M.; et al. Modelling the role of agriculture for the 20th century global terrestrial
carbon balance. Glob. Change Biol. 2007, 13, 679-706. [CrossRef]

Rost, S.; Gerten, D.; Bondeau, A.; Lucht, W.; Rohwer, J.; Schaphoff, S. Agricultural green and blue water
consumption and its influence on the global water system. Water Resour. Res. 2008, 44, 1-17. [CrossRef]
Von Bloh, W.; Schaphoff, S.; Miiller, C.; Rolinski, S.; Waha, K.; Zaehle, S. Implementing the nitrogen cycle into
the dynamic global vegetation, hydrology, and crop growth model LPJmL (version 5.0). Geosci. Model Dev.
2018, 11, 2789-2812. [CrossRef]

Schaphoff, S.; von Bloh, W.; Rammig, A.; Thonicke, K.; Biemans, H.; Forkel, M.; Gerten, D.; Heinke, J.;
Jagermeyr, J.; Knauer, J.; et al. LPJmL4—A dynamic global vegetation model with managed land—Part 1:
Model description. Geosci. Model Dev. 2018, 11, 1343-1375. [CrossRef]

Schaphoff, S.; Forkel, M.; Miiller, C.; Knauer, J.; von Bloh, W.; Gerten, D.; Jigermeyr, J.; Lucht, W.; Rammig, A_;
Thonicke, K.; et al. LPJmL4—A dynamic global vegetation model with managed land—Part 2: Model
evaluation. Geosci. Model Dev. 2018, 11, 1377-1403. [CrossRef]

Miiller, C.; Elliott, J.; Chryssanthacopoulos, J.; Arneth, A.; Balkovic, J.; Ciais, P.; Deryng, D.; Folberth, C.;
Glotter, M.; Hoek, S.; et al. Global gridded crop model evaluation: Benchmarking, skills, deficiencies and
implications. Geosci. Model Dev. 2017, 10, 1403-1422. [CrossRef]

Van den Hurk, B.; Kim, H.; Krinner, G.; Seneviratne, S.I.; Derksen, C.; Oki, T.; Douville, H.; Colin, J.;
Ducharne, A.; Cheruy, F; et al. LS3MIP (v1.0) contribution to CMIP6: The Land Surface, Snow and Soil
moisture Model Intercomparison Project—Aims, setup and expected outcome. Geosci. Model Dev. 2016, 9,
2809-2832. [CrossRef]

Sheffield, ].; Goteti, G.; Wood, E.F. Development of a 50-Year High-Resolution Global Dataset of Meteorological
Forcings for Land Surface Modeling. J. Clim. 2006, 19, 3088-3111. [CrossRef]

Lesk, C.; Rowhani, P.; Ramankutty, N. Influence of extreme weather disasters on global crop production.
Nature 2016, 529, 84. [CrossRef] [PubMed]

Easterling, D.R.; Meehl, G.A.; Parmesan, C.; Changnon, S.A.; Karl, T.R.; Mearns, L.O. Climate extremes:
Observations, modeling, and impacts. Science 2000, 289, 2068-2074. [CrossRef]

Krishnamurthy, PK. Disaster-induced migration: Assessing the impact of extreme weather events on
livelihoods. Environ. Hazard. Hum. Policy Dimens. 2012, 11, 96-111. [CrossRef]

Piguet, E. From Primitive Migration to Climate Refugees: The Curious Fate of the Natural Environment in
Migration Studies. Ann. Assoc. Am. Geogr. 2013, 103, 148-162. [CrossRef]

Hunter, L.M.; Luna, ].K.; Norton, R M. Environmental Dimensions of Migration. Annu. Rev. Sociol. 2015, 41,
377-397. [CrossRef]

Sibly, R.M.; Hone, J. Population growth rate and its determinants: An overview. Philos. Trans. R. Soc. Lond.
Ser. B Biol. Sci. 2002, 357, 1153-1170. [CrossRef]

Ehrlich, PR.; Holdren, J.P. Impact of Population Growth. Science 1971, 171, 1212-1217. [CrossRef]

Cockx, K.; Canters, F. Incorporating spatial non-stationarity to improve dasymetric mapping of population.
Appl. Geogr. 2015, 63, 220-230. [CrossRef]


http://dx.doi.org/10.1073/pnas.1312330110
http://www.ncbi.nlm.nih.gov/pubmed/24344316
http://dx.doi.org/10.1088/1748-9326/12/1/010301
http://dx.doi.org/10.5194/gmd-10-4321-2017
http://dx.doi.org/10.1038/s41467-019-08745-6
http://dx.doi.org/10.1007/s10640-013-9677-4
http://dx.doi.org/10.1111/j.1365-2486.2006.01305.x
http://dx.doi.org/10.1029/2007WR006331
http://dx.doi.org/10.5194/gmd-11-2789-2018
http://dx.doi.org/10.5194/gmd-11-1343-2018
http://dx.doi.org/10.5194/gmd-11-1377-2018
http://dx.doi.org/10.5194/gmd-10-1403-2017
http://dx.doi.org/10.5194/gmd-9-2809-2016
http://dx.doi.org/10.1175/JCLI3790.1
http://dx.doi.org/10.1038/nature16467
http://www.ncbi.nlm.nih.gov/pubmed/26738594
http://dx.doi.org/10.1126/science.289.5487.2068
http://dx.doi.org/10.1080/17477891.2011.609879
http://dx.doi.org/10.1080/00045608.2012.696233
http://dx.doi.org/10.1146/annurev-soc-073014-112223
http://dx.doi.org/10.1098/rstb.2002.1117
http://dx.doi.org/10.1126/science.171.3977.1212
http://dx.doi.org/10.1016/j.apgeog.2015.07.002

Appl. Sci. 2019, 9, 5219 21 of 21

56.

57.

58.

59.

60.

61.

62.

63.

Xu, Z.; Ouyang, A. The Factors Influencing China’s Population Distribution and Spatial Heterogeneity:
A Prefectural-Level Analysis using Geographically Weighted Regression. Appl. Spat. Anal. Policy. 2017, 11.
[CrossRef]

Runfola, D.M.; Romero-Lankao, P; Jiang, L.W.; Hunter, L.M.; Nawrotzki, R.; Sanchez, L. The Influence of
Internal Migration on Exposure to Extreme Weather Events in Mexico. Soc. Nat. Resour. 2016, 29, 750-754.
[CrossRef] [PubMed]

Cattaneo, C.; Beine, M.; Frohlich, C.J.; Kniveton, D.; Martinez-Zarzoso, I.; Mastrorillo, M.; Millock, K.;
Piguet, E.; Schraven, B. Human Migration in the Era of Climate Change. Rev. Environ. Econ. Policy 2019, 13,
189-206. [CrossRef]

Lonergan, S. The role of environmental degradation in population displacement. Environ. Chang. Secur.
Proj. Rep. 1998, 12, 5-15.

Miyan, M.A. Droughts in Asian Least Developed Countries: Vulnerability and sustainability.
Weather Clim. Extrem. 2015, 7, 8-23. [CrossRef]

Findley, S.E. Does Drought Increase Migration? A Study of Migration from Rural Mali during the 1983-1985
Drought. Int. Migr. Rev. 1994, 28, 539-553.

Cattaneo, C.; Peri, G. The migration response to increasing temperatures. J. Dev. Econ. 2016, 122, 127-146.
[CrossRef]

Black, R.; Bennett, S.R.G.; Thomas, S.M.; Beddington, J.R. Migration as adaptation. Nature 2011, 478, 447-449.
[CrossRef]

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1007/s12061-017-9224-8
http://dx.doi.org/10.1080/08941920.2015.1076918
http://www.ncbi.nlm.nih.gov/pubmed/29606795
http://dx.doi.org/10.1093/reep/rez008
http://dx.doi.org/10.1016/j.wace.2014.06.003
http://dx.doi.org/10.1016/j.jdeveco.2016.05.004
http://dx.doi.org/10.1038/478477a
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Data and Methods 
	Data 
	Population Redistribution 
	Built-Up 
	Climate Change Impacts 

	Methods 

	Case Study Countries 
	Analysis 
	Correlation Analysis 
	OLS Results 
	GWR Results 

	Discussion 
	Conclusions 
	References

