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Abstract

Climate change has become one of the principal global concerns, with an expected increase
in the frequency of extreme weather events, rising temperatures, and shifts in precipitation
patterns, all of which are likely to profoundly impact agriculture, human health, and the econ-
omy. In China, the swift process of urbanization, coupled with climate change, has heightened
the complexity of migration patterns. The intricate interplay between socio-economic and
environmental changes compels people to consider migration as a strategy for adaptation.
Our research reveals a complex interconnection between climate change and the patterns of
population influx and outflow. This study aims to explore the effects of climate change on
migratory dynamics to inform policy-making for nations grappling with the dual challenges of
economic growth and environmental sustainability.
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1 Introduction

Climate change has emerged as a major concern for the international community. Climate variabil-1

ity is predicated to bring increased frequency of extreme weather events, elevated temperatures,2

melting ice caps and changing precipitation pattern (IPCC, 2007). An increasing body of research3

shows that the social and economic costs of climate change are very large, impacting agriculture,4

mortality, labor productivity, economic growth, conflict and migration (Dell et al., 2014; Deschênes5

and Greenstone, 2007; Lobell et al., 2008).6

7

According to the United Nations Department of economic and social affairs’ report in 2022, the8

number of international migrants has been steadily rising from 173 million in 2000 to 281 million in9

2020, constituting 2.8% and 3.6% of the global population respectively. In 2020, women accounted10

for 135 million of migrants (3.5% of the world’s female population) while men accounted for 14611

million (3.7% of the global male population) (UN, 2022).12

13

If climate variability processes continue, sustaining livehoods may become increasingly unfeasible,14

leading to a rising number of people requiring permanent relocation(Marchiori et al., 2012; Swim15

et al., 2011). The World Bank projects that weather-related extreme events could result in greater16

than 140 million additional people displaced within their own countries by 2050 (Rigaud et al.,17

2018). Importantly, it must be emphasised that the scale of internal migration is larger than that18

of international migration. Regardless of the determinant of migration, people are more sensitive19

to socioeconomic differences within their own country than among different countries (Coniglio20

and Pesce, 2015). Therefore, climate variability gives a stronger impact on internal migration21

compared to international migration (Beine et al., 2014).22

23

1.1 Related litterature24

Migration, as a social phenomenon, is closely intertwined with the challenges given by climate25

change. Climate change is always regarded as a stressor that intensifies migration pressure in26

vulnerable regions (Gemenne, 2011a). Facing the pressures brought by environmental variability,27

Reuveny identified three ways in which people can adapt to environmental challenges: staying28

in place and doing nothing, accepting the costs; staying in place and mitigating the changes; or29

leaving the affected area. Every choice is influenced by individual’s available resources and his/her30

foresight. Comparatively, the costs of the other two choices are lower than migration (Reuveny,31

2007).32

33

Migration as an adaption strategy, can alleviate the pressure of population and natural resources,34

reduce risks and provide improved living conditions. Migration can significantly mitigate the po-35

tential impacts of future shocks (da haan, 2000). Figure 1 potentially depicts the mechanism by36

which climatic-environmental pressure precipitates migratory movements. Within this dynamic,37

environmental pressure, induced by climate change such as extreme weather occurrences and nat-38

ural disasters, may result in the scarcity of exploitable resources. Under these stress conditions,39

individuals might opt to relocate to regions characterized by richer resource availability and di-40

minished environmental pressure, in pursuit of enhanced prospects for survival and development.41

Such migratory process persist until a new, relatively stable state of equilibrium is achieved in42

two regions.But migration is costly in both financial and sociological/psychological terms because43

individuals tend to develop strong personal connections with their home location and its people44

throughout their lives (Koubi et al., 2016; Lewicka, 2011). Only when an environmental event has45

a profound impact on personal life, and personal adaptation or mitigation measures are failing,46

the option of migration becomes a consideration (Speare, 1974).47

48

Environment variability, as a form of pressure, affects individuals differently, and people respond to49

it also in diverse manners. The impact of environmental events on migration is context-dependent50

and influenced by several factors, including household characteristics, socioeconomic status and51

political condition, etc. (Black et al., 2011; Hunter et al., 2015). A study of rural families in Sal-52

vador indicated that people tend to choose the alternative strategies to reduce damages when the53

1Source:Haoxi CHEN
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Figure 1: Climatic-environmental pressure and migration1

environmental shock is temporary, even if the shock is highly destructive (Halliday, 2006). Only54

when environmental variability poses a long-term risk to personal wellbeing, individual will prefer55

the higher cost approach to solve the risk fundamentally, for example, migration.56

57

Migration activity is generally associated with the concept of vulnerability, which is a function of58

exposure and adaptive capacity in a particular time and place and in relation to a specific climatic59

stimulus (Gemenne, 2011b; Scheffran et al., 2012). It is important to note that climate change60

can act as a source of pressure, triggering migration activities, the resulting pressure doesn’t affect61

everyone uniformly. From an individual’s perspective, the decision to migrate is a subjective pro-62

cess. Migration decisions may be influenced more by perceptions of environmental problems rather63

than by specific identified environmental events (Bylander, 2015; Koubi et al., 2016). For exam-64

ple, Perch-nielsen’s research on migration caused by sea level rise and flood revealed that floods65

are unlikely to be the principal mechanism by which climate change triggers mass migration(L.66

Perch-Nielsen et al., 2008). Migration reasons often stem from a wide range climate shocks across67

different locations and timeframes (Renaud et al., 2011). Unfortunately, up to now, we haven’t68

evidenced a research comprehensively analyzes the relationship between this wide spectrum of cli-69

mate shocks and migration activity.70

71

Climate change also exerts asymmetrically on individuals. Firstly, the influence given by climate72

change doesn’t operate uniformly across every aspect of personal life (Coniglio and Pesce, 2015).73

An individual’s life can be regarded as a multivariable function encompassing gender, age, educa-74

tion, financial asset, family relationships, etc. Given the varying weights weight of these factors in75

personal life and the unequal impact of climate change pressure on them, an individual’s decision76

on migration will differ significantly. Individuals always adapt themselves to long-term environ-77

mental pressure. For instance, Agder has demonstrated Vietnam society’s adaption to prolonged78

environmental pressure (Koubi, 2016). Differences in strategic choices are not only due to individ-79

ual circumstances, but also due to the nature and intensity of climate shock. This explains why,80

following the climate shock, some people migrated while others did not, in spite of experiencing81

similar environmental conditions (McLeman and Smit, 2006).82

83

In the broader context of society, climate change gives a necessary impact on migration decisions84

by influencing the market dynamics. Marichiori highlighted how climate shocks affect migration85

decisions by influencing wage disparities between potential migrant origins and destinations (Mar-86
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Table 1: Overview of selected studies on Climatic-environmental change and migration

Author
(Year)

Research Topic Methodology Key Findings

Hailliday,
T.(2006)

Rural household
migration in El Salvador

Panel data
regression

When environmental impacts are
temporary, even if they are highly
destructive, individuals might opt
for alternative adaptation
strategies to mitigate losses.

L. Perch-
Nielsen, S., et
al. (2008)

Migration related to sea
level rise and flooding

Box-and-arrow
conceptual model

Floods are unlikely to be the
principal mechanism triggering
mass migration due to climate
change.

Koubi, V.,et
al. (2016)

Vietnam’s societal
adaptive capacity to
climate change

Logistic
regression

The differences in migration
strategic choices arise not only
from individual circumstances but
also from the form and intensity of
climate impacts.

Marchiori,
L.,et al.(2011)

Weather anomalies on
migration in
sub-Saharan Africa

Two stage
regression

Climate shocks affect the wage
differences between places of origin
and potential destinations, thereby
influencing migration decisions.

Landry, C.E.,
et al. (2007)

Migration following
Hurricane Katrina in
the United States

Logistic
regression

After the occurrence of the
hurricane, a substantial number of
impoverished African Americans
were unable to leave New Orleans,
and later, it was this poorest
group that could not return to
New Orleans.

Henry, S.,et
al. (2004)

MIgration in Burkina
Faso and Mali

Binary and
multinomial
logistic regression

Food scarcity during drought leads
to increased prices, forcing people
to spend more money on their
basic needs rather than on
long-distance migration.

chiori et al., 2012). The impact of climate change on productivity and the endowment of different87

production factors is asymmetric, leading to asymmetrical effects on production structures and88

factor returns. Individuals or families with great resources, for example, substantial fixed assets,89

their mobility will be reduced. Conversely, the extremely poor population in developing countries90

also faces limited mobility, because they are least able to afford the cost of migration. Studies in91

Burkina Faso and Mali, where droughts occurred during the 1970s and 1980s, revealed a decrease92

in international, long-distance migration (Henry et al., 2004). These West African studies suggest93

that food scarcity during drought increases prices, forcing people to allocate more funds towards94

meeting basic needs rather than investing in long-distance migration (Black et al., 2013). More-95

over, studies of Hurricane Katrina’s impact in the USA demonstrate that a considerable number96

of poorer, black residents of New Orleans were unable to evacuate the affected area. Over time,97

it become apparent that these poorer black residents were the least able to return to their homes98

and communities (Landry et al., 2007). These examples show how climate change-induced market99

influences can have complex and differential effects on migration patterns. It always exacerbates100

existing inequalities and disparities within society. Figure 2 delineates the process through which101

climate change engenders migration, by exerting extensive impacts on both societal and individ-102

ual levels. Climate change fosters motivations for migration by affecting societies and individuals103

in various forms; however, the realisation of migratory activities ultimately depends by bilateral104

immigration policies, the attraction of resources at the destination, and whether the resources at105

an individual’s disposal are sufficient to accomplish the migration activity.106

107
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Figure 2: Process of migration in the context of climate change2

In most literature on migration studies, the push-pull theory remains central to explain the mo-108

tivating factors behind migration. But this theory emphasises the motivation associated to social109

factors or economic factors. Environmental factors are rarely mentioned. The process of push and110

pull is typically categorised into 3 parts: (1) Origin-related factors, including political instability,111

conflict, high population growth rate, and lack of access to necessary resources; (2) Destination-112

related factors, including political stability, wage differentials, and access to necessary resources;113

(3) Intervention factors that either promote or restrict migration, mainly involving migration costs114

and migration policies (Arango, 2004; Black et al., 2013; Boyle et al., 2014; Zolberg and Benda,115

2001). In fact, it is challenging to pinpoint the exact significance of each factor in the migration116

process, as their relevance may vary depending on the specific circumstances. However, climate117

variability can give the impact on all three of those components. The role of climate variability in118

migration is far more intricate than what we might envision. As a social phenomenon, migration119

simply manifests as an outcome or a result. Its operation logic is primarily displayed at the indi-120

vidual level, encompassing the overlapping interplay of various factors from both the natural and121

social realms. This multi-causal migration pattern has been widely recognised (Wolpert, 1966).122

It has to point out that climate variability plays a participatory in each part of this complex pattern.123

124

Environmental factors have been considered in the classical framework of migration studies (Black125

et al., 2013; Henry et al., 2004; Wolpert, 1966), but they haven’t held a central position for long.126

Only in recent years, climate change, as the fundamental cause of environmental change, has been127

addressed in migration research. However, Climate change introduces uncertainty into the equa-128

tion. This uncertainty comes from the unpredictability of climate models’ predictions, especially129

when considering different carbon emission scenarios, which increases the complexity of scientific130

investigation.131

132

In recent years, two representative research frameworks have emerged to explain the migration133

activity in the background of environment variability. The first category seeks to explicitly com-134

bine and to distinguish environmental factors from environmental change factors within existing135

migration structures and behavioural drivers (Black et al., 2011; Meze-Hausken, 2000). Because136

migration is viewed both as a response to environmental change and as a contributing factor to en-137

vironmental change. The second category aims to analyse migrants’ coping mechanism of migrants138

in the face of environment variability by structuring the migration process. For example, Marchiori139

analyzed the impact of climate change on migration by establishing two channels (Marchiori et al.,140

2012). Despite these advancements, climate variability as a source of environment variability has141

2Source: Haoxi CHEN
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not been fully integrated into migration studies, which is a worthy oversight.142

143

1.2 Chinese case144

China, the country with the world’s second-largest population, is also a nation with a diverse cli-145

mate and complex geographical environment. It has undergone a large-scale and rapid urbanization146

process in recent decades, unparalleled by any other nation. Rapid urbanization and the resultant147

spatial disparities have created significant push-pull forces across different regions, resulting in a148

large and diverse migrant population within China. The country has consistently maintained a149

significant number of internal migrants in recent years. In 2020, the number of internal migrants150

was 375.88 million, which accounts for 26.62% of China’s population (NHFPC, 2018). Further-151

more, due to the dual urban-rural structure in China, it exists immense disparities in economic152

conditions and living environments between urban and rural areas. Constraints imposed by the153

household registration system have led to the emergence of various unique migration patterns in154

China (Hung 2022). The climate change and environmental stress brought about by rapid urban-155

ization have intensified, adding a layer of specificity to migration research in China.156

157

In recent years, research on migration in China has primarily focused on exploring the patterns158

of different migrant groups. Chen explored the living patterns of francophone African immigrants159

in Guangzhou in China (Chen et al., 2020). Liu discussed the preferences of environment-related160

residential of the immigrants in China (Liu et al., 2022). These studies are of course very important161

to the development of migration studies. But so far, we have not found a single work attempting162

to link climate change to internal migration in China. Climate change has not been considered163

and analyzed as an important pressure for migration.164

165

This paper endeavours to understand the complexity of the relationship between climate variabil-166

ity and internal migration in China. It seeks to address the limitations of existing research and167

delve into the role of climate change in migration, within the context of China’s rapid urbanisation168

and climate challenges. Recognising that internal migration is more sensitive to subtle differences169

within societies than international migration. The aim of this paper is to ascertain the role of170

climatic factors in the migration process and their patterns of influence.171

172

The next section will outline the data used in this study, following by a detailed research method-173

ology and results discussion. Finally, we will develop our findings and highlight avenues for future174

research in this critical area.175

176

2 Data177

We employ two primary datasets to develop this research, migration-related data and environmen-178

tal and climatic data.179

2.1 Migration related dataset180

The migration related dataset is mainly sourced from the China Migrants Dynamic Survey (CMDS)181

2017. CMDS is a significant social survey initiated by the National Health Commission (NHC)182

since 2009. The survey conducts a comprehensive annual nationwide sampling of population flows,183

covering 31 provinces, municipalities, autonomous regions and Xinjiang Production and Construc-184

tion Corps within mainland China. It extensively captures migrant-related information, including185

personal level demographics, mobility patterns, financial particulars, habitation data, etc. For the186

purpose of our study, we collected data pertaining to population mobility. This data, originally187

focused on individual-level information, was restructured to analyze urban migration patterns.188

Consequently, we were able to ascertain the annual counts of migrants moving in and out of each189

city from 2005 to 2017. Furthermore, provincial statistical yearbooks are also employed to enrich190

this data.191

192
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2.2 Environmental and climatic dataset193

The environmental and climatic dataset comprises three distinct components: climate data, natu-194

ral disaster data and pollution data.195

196

The climate data, including temperature and precipitation, is sourced from the Copernicus Cli-197

mate Change Service3. Natural disaster data is collected from The International Disaster Database198

(EM-DAT) established by the Centre for Research on the Epidemiology of Disasters. EM-DAT199

achieves the occurrence and impacts of over 26,000 mass disasters worldwide from 1900 to the200

present day, compiled from various sources, including UN agencies, non-governmental organiza-201

tions, reinsurance companies, research institutes, and press agencies.202

203

Then, the pollution data segregated into two parts: per capita carbon emission data and city level204

PM2.5 data. Per capita carbon emission data is sourced from the China Energy Statistical Year-205

book, which include the carbon emission data from over 300 Chinese cities, with the exception of206

Tibet’s data. Concurrently, the PM2.5 data originates from the Atmospheric Composition Analy-207

sis Group at Dalhousie University, Canada. It combines global models, satellite observations, and208

air quality monitor data to develop estimates of on-the-ground PM2.5 levels.209

210

It is important to mention that, owing to the unavailability of pertinent data related to Tibet, this211

region has been excluded from the study. We have organized all the raw data and conducted a212

data pivot centred around cities from 2005 to 2017, resulting in a new dataset for analysis. The213

specifics of this data are outlined in the table below.214

215

3Copernicus Climate Change Service (C3S) (2017): ERA5: Fifth generation of ECMWF atmospheric reanal-
yses of the global climate. Copernicus Climate Change Service Climate Data Store (CDS), (date of access),
https://cds.climate.copernicus.eu/cdsapp/home
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3 Methodology216

Two approaches have been performed to access the influence of climate change on migration pat-217

terns: K-means clustering analysis based on principal component analysis and feature importance218

analysis based on machine-learning model4.219

220

3.1 K-means clustering based on principal component analysis221

Migration research typically involves substantial amounts of data and intricate variable relation-222

ships; therefore, principal component analysis is utilized to consolidate multiple variables into a223

few principal components. This approach enables the identification of the main characteristics224

and behavioural patterns of migrant groups through component loadings of the principal compo-225

nents, leading to a more accurate understanding of their actions, preferences, and needs. K-means226

clustering can further subdivide migrant populations, identify groups with similar characteristics227

and behaviours, and reveal underlying patterns and trends in migration behaviours against the228

backdrop of climate change. The identification, prediction, and analysis of migration behaviour229

patterns under the context of climate change are also the core content of this study.230

231

The determination of the optimal number of clusters is a crucial step in k-means cluster analysis.232

This article employs two commonly used methods to ascertain the optimal number of clusters: the233

Elbow Method and the Silhouette Coefficient Method. The Elbow Method involves assessing the234

impact of the number of clusters (k) on the quality of clustering and identifying the point where235

increasing the number of clusters no longer significantly alters the sum of squared errors, thereby236

determining the optimal number of clusters. Then we use the Silhouette Coefficient to validate237

the results obtained from the Elbow Method. The Silhouette Coefficient also evaluates the reason-238

ableness of the assignment of data points to each cluster by combining measures of intra-cluster239

similarity and inter-cluster dissimilarity. Its values range from -1 to 1, with values closer to 1240

indicating more effective clustering.241

242

Details on the specific steps of Principal Component Analysis and K-means clustering can be found243

in the Appendix.244

245

According to the Elbow Method, the optimal number of clusters is identified as 4. However, the246

Silhouette Coefficient suggests that k=2, 3, or 4 could all be considered as optimal cluster num-247

bers. Given that clustering into 2 or 3 groups does not provide sufficiently precise subdivisions for248

effective analysis, we opt to use k=4 in the subsequent chapters.249

250

3.2 XGBoost-Shapley additive explanation machine-learning model251

Migration behaviour is a multifaceted and complex system. Many researchers have employed the252

gravity model to assess the influence of various factors on migration behaviours, implying a general253

linearity between migration behaviour and its influencing factors. Nonetheless, the true nature of254

migration behaviour encompasses a complex interplay of linearity and nonlinearity, imbuing it with255

a multitude of characteristics. In response to the needs of migration research, there is a neces-256

sity to find a method that can not only determine the importance of features but also analyze257

the linear and nonlinear relationships between features and outcomes. This approach can more258

accurately simulate the genesis of migration decisions and behaviours. XGBoost, as an efficient259

machine learning algorithm, has demonstrated exceptional performance in regression and classifi-260

cation problems, making it an indispensable tool for this study.261

262

XGBoost, proposed by Chen(2016), is a form of the gradient boosting decision tree algorithm, re-263

garded as one of the most efficient algorithms in supervised learning. It is an optimized distributed264

gradient boosting library, comprising an ensemble model of numerous decision trees, each striv-265

ing to correct the errors of the preceding one. XGBoost counteracts overfitting by incorporating266

4In this study, the K-means cluster based on principal component analysis is implemented using “cluster” package
in R and utilizes QGIS for visualization. The feature importance analysis is carried out using sklearn library, shap
library and xgboost library in Python , with analysis facilitated by tools from matplotlib library.
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regularization, the specific approach is as follows:267

obj(θ) = L(θ) + Ω(θ) (1)

L(θ) represents a loss function, and Ω(θ) is a regularization function that helps to avoid overfitting268

in the model. It can be expressed as follows:269

Ω(fx) = γT +
1

2
λ∥W∥2 (2)

,where T denotes the number of leaf nodes in the decision tree and W represents the node’s weights.270

271

Since each city encompasses both aspects of immigration (inflow) and emigration (outflow), they272

are modeled separately. Subsequently, all observations are randomly divided into a training set273

and a validation set, with proportions of 75% and 25%, respectively. To evaluate the performance274

of the XGBoost models, the Mean Squared Error (MSE) metric will be used for measurement.275

MSE =
1

n

n∑
q=1

(yq − ŷq)
2 (3)

,where n represents the total count of data points, yq refers to the actual observation value of the276

qth data point in the training set, and ŷq denotes the observation value in the validation set.277

278

Although machine learning models can offer superior accuracy, their results are generally more279

challenging to interpret compared to statistical models(Louhichi et al., 2023). To better elucidate280

the results of the XGBoost model, we have incorporated Shapley values to explain the relative281

importance of each feature in individual predictions. Shapley values, based on game theory, are a282

technique that has seen widespread application in recent years for interpreting results in machine283

learning(Merrick & Taly, 2020). This approach provides a quantifiable measure of each feature’s284

contribution to the prediction, thereby enhancing the interpretability of complex machine learning285

models like XGBoost.286

287

To calculate the Shapley value for feature i, one initially generates all possible coalitions S of n288

features excluding feature i. The ”marginal contribution” of feature i is ascertained by calculating289

the difference between the outcomes of the feature function v for the feature set N (the complete290

set of features) and the set S. To ensure fairness, this calculation process is replicated across all291

possible feature combinations. By aggregating and averaging all the marginal contributions, a fair292

measure of feature i’s contribution to the model’s prediction is obtained, which is the Shapley293

value for feature i. This entire process can be articulated through the following equation:294

ϕi(v) =
∑

S⊆N\{i}

|S|!(n− |S| − 1)!

n!
(v(S ∪ {xi})− v(S)) (4)

In this equation, N is the complete set of features, S denotes all possible feature combinations that295

exclude feature i, v is the value function of the feature set, xi is the value of feature i, and n is the296

total number of features.297

298

An XGBoost model that utilizes Shapley values can provide insights into the relative contributions299

of different features in the processes of immigration inflow and emigration outflow. It also al-300

lows for the delineation of both linear and nonlinear relationships between various features and the301

output, making the interpretation of machine learning models more accessible and comprehensible.302

303
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4 Empirical analysis304

4.1 Exploratory data analysis305

Initially, we mapped the raw migration data onto a map for different years, representing cities306

with points and migration routes with lines. The brightness of the lines indicates the density of307

the migration flow: the brighter the line, the more migrants it represents. It’s clearly observable308

that the overall scale of migration is rapidly increasing, especially in Southeastern China where the309

scale of migration flows is particularly massive. This side-by-side comparison reflects an undeniable310

reality: the significant increase in the number of migrants is concurrent with rapid economic311

development.312

Figure 3: Internal migration pathway

313

Then we integrated data spanning multiple years and created figure 4, depicting the scale of mi-314

gration inflows and outflows. It shows that, apart from regions with unique geographical features315
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like the Qinghai-Tibet Plateau, mountainous areas, and deserts, most areas in China have expe-316

rienced both immigration and emigration. The data also identifies that the Central and Western317

regions of China serve as sources of emigration, while the Eastern and Northern coastal regions318

have become major destinations for immigrants. This pattern underscores the significant internal319

migration trends within China.320

Figure 4: Cumulative immigration and emigration intensity in China from 2005 to 2017

321

4.2 K-means clustering analysis322

After obtaining the results of the principal component analysis, the first principal component and323

the second principal component have been selected as the new indicators for migration impact.324

The first principal component encompasses variables related to temperature, precipitation, disas-325

ters, and partially to carbon emissions. The second principal component mainly includes variables326

related to the economy, carbon emissions, and pollution. The specific loadings for the first and327

second principal components are shown in the table below.328

329

Table 3: Main factors’ loading values of the 1st and 2nd principal component

Variables PC1 PC2

Mean a. precipitation of the city for the previous 5 years 0.3261 0.0546
A. a. temperature of the city for the previous year 0.3228 0.0657
A. a. temperature of the city for current year 0.3227 0.0694
Mean a. a. temperature of the city for the previous 5 years 0.3226 0.0607
A. precipitation of the city for the previous year 0.3153 0.0735
A. precipitation of the city for current year 0.3132 0.0690
Carbon emission per capita of the city for current year -0.2745 0.2105
Carbon emission per capita of the city for the previous year -0.2699 0.2267
Total number of natural disasters of the province for the previous 5 years 0.2671 0.1198
Mean carbon emission per capita of the city for the previous 5 years -0.2558 0.2555
Total number of natural disasters of the province for the previous years 0.2230 0.1457
Total number of natural disasters of the province for current year 0.2161 0.1345
GDP per capita of the city for the previous year -0.0265 0.5024
Mean GDP per capita of the city for the previous 5 years -0.0245 0.5019
GDP per capita of the city for current year -0.0224 0.4961
Mean a. a. PM2.5 concentration of the city for the previous 5 years 0.01790 0.0816
A. a. PM2.5 concentration of the city for the previous year 0.0069 0.0436
A. a. PM2.5 concentration of the city for current year -0.0014 0.0184

After that, based on the results of the principal component analysis, clustering is performed for330

each city. Figure 5 illustrates the clustering results projected onto a map.331
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332

Figure 5: Cluster segmentation for k=4

According to the cluster analysis results, cities in China can be distinctly categorized into four333

major groups. The first cluster includes cities characterized by higher temperatures, greater pre-334

cipitation, and more frequent natural disasters. These cities also tend to have higher economic335

levels and relatively higher per capita carbon emissions and pollution. They are commonly viewed336

as the most economically vibrant, wealthiest, and most urbanized regions in China. The second337

cluster mainly consists of cities in northern China, featuring lower temperatures, greater precip-338

itation, and fewer natural disasters, but still maintaining high economic development levels and339

relatively high per capita carbon emissions and pollution. These include cities with high economic340

development, such as Beijing, Tianjin, and some cities in Shandong province, or those rich in341

mineral resources, like cities in Inner Mongolia autonomous region, Xinjiang uygur autonomous342

region, and Qinghai province. The third cluster encompasses cities with higher temperatures, more343

precipitation, and frequent natural disasters, but with relatively underdeveloped economies and344

lower per capita carbon emissions and pollution. These cities are widely spread across the inland345

areas of southern China. Finally, the fourth cluster includes cities located in the economically less346

developed and mineral-resource-scarce areas of northern China. These cities are characterized by347

lower temperatures, less precipitation, fewer natural disasters, and comparatively lower economic348

levels and per capita carbon emissions and pollution.349

350
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Tables 5 present a detailed distribution of the inflow and outflow of migrants across each identified351

cluster. It is crucial to highlight that yearly migrations involving 0-30 individuals are not directly352

associated to the environmental and climate factors under examination in this paper. Such mi-353

grations are often influenced by personal choices, for example, individual career moves, emotional354

transitions, or family events, which do not have a direct correlation with the climatic, economic, or355

environmental elements central to this study. Consequently, these random migration fall outside356

the purview of the analysis.357

358

The cities within the first cluster predominantly experience annual out-migration numbers ranging359

between 30-90 people, with the remainder accounting for about 3.82%. The inflow of migrants360

is significantly distributed across each segment, with the proportion being the largest among all361

clusters. This indicates that these cities are net inflow regions for migrants. In cities of the second362

cluster, yearly out-migration falls within the 30-90 range, with other segments constituting 3.52%.363

The inflow is well-distributed across each range, though slightly less than the first cluster, suggest-364

ing these cities also serve as net migrant inflow areas.365

366

Cities in the third cluster exhibit a wide distribution of out-migration across all segments, while367

in-migration is mainly concentrated in the 30-90 range, with other ranges including only 4.60%.368

These cities are characterized by a net outflow of population. Finally, cities in the fourth cluster369

mainly see in-migration numbers between 30-120, and out-migration numbers predominantly in370

the 30-60 range. These cities constitute the least active segment in terms of migration, exhibiting371

minimal levels of both emigration and immigration.372

373

4.3 XGboost-Shaply model analysis374

For each city, considering two migration variables – inflow and outflow – we have developed an375

XGBoost model for in-migration (inflow XGBoost model) and another for out-migration (outflow376

XGBoost model). These models are utilized to analyze how different features influence both the377

inflow and outflow of migration in the same city.378

Table 6: Variable contribution in emigration

Variable Mean Abs Shapley Value Contribution Rank

PM5 0.280 18.100% 1
Carbon5 0.170 10.985% 2
Cata 0.166 10.719% 3
Temp5 0.118 7.642% 4
Prec5 0.094 6.087% 5
Cata1 0.087 5.604% 6
Gdp5 0.084 5.449% 7
Gdp 0.0823 5.314% 8
Carbon 0.075 4.816% 9
Cata5 0.056 3.626% 10
Temp 0.054 3.482% 11
PM 0.051 3.288% 12
Prec 0.047 3.062% 13
Prec1 0.042 2.686% 14
PM1 0.039 2.499% 15
Gdp1 0.035 2.275% 16
Temp1 0.034 2.193% 17
Carbon1 0.037 2.172% 18

MSE: 0.7172

379
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Table 7: Variable contribution in immigration

Variable Mean Abs SHAP Value Contribution Rank

Gdp 0.225 17.872% 1
Gdp1 0.153 12.147% 2
PM5 0.092 7.309% 3
Temp 0.089 7.094% 4
Prec5 0.083 6.608% 5
Gdp5 0.078 6.176% 6
Cata5 0.076 6.058% 7
Temp5 0.072 5.709% 8
PM1 0.055 4.329% 9
Cata 0.051 4.048% 10
Carbon 0.051 4.035% 11
Carbon1 0.040 3.188% 12
Temp1 0.039 3.118% 13
Prec 0.037 2.906% 14
PM 0.035 2.806% 15
Carbon5 0.033 2.651% 16
Prec1 0.0256 2.027% 17
Cata1 0.024 1.919% 18

MSE: 0.5681

Tables 6 and 7 display the mean absolute Shapley values for each feature, as well as their per-380

centage contribution for both inflow model and outflow model. As for outflow model, the top five381

variables most significantly impacting the out-migration number are: mean annual average PM2.5382

concentration of the city for the previous 5 years, mean carbon emission per capita of the city383

for the previous 5 years, total number of natural disasters in the province for current year, mean384

annual average temperature of the city for the previous 5 years, and mean annual precipitation385

of the city for the previous 5 years. Overall, climate-related variables contribute 45.08% to the386

migration outflow, ranking first. Pollution-related variables contribute a total of 41.882%, ranking387

second, and economic factors account for 13.038%.388

389

According to inflow model, the five most influential variables on the in-migration number are:390

GDP per capita of the city for current year, GDP per capita of the city for the previous year,391

mean annual average PM2.5 concentration of the city for the previous 5 years, annual average392

temperature of the city for current year, and mean annual precipitation of the city for the previous393

5 years. The total contribution of these factors exceeds 50%. Overall, climate-related variables394

have the highest contribution to migration inflow, accounting for 39.487%. Economic factors follow395

closely, constituting 36.195%, while pollution-related variables contribute 24.318%.396

Figure 6: Beeswarm plots of outflow model and inflow model

397

For both the inflow model and the outflow model, beeswarm plots have been created. These plots398

visually correlate the Shapley values of each feature with the output values of the inflow and out-399
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flow models, demonstrating how each feature influences the model results. The positive or negative400

Shapley values indicate the extent to which a feature positively or negatively impacts the output401

for an individual instance. This visualization effectively highlights the relative importance and402

directional influence of each feature within the models.403

404

In the outflow model, the mean annual average PM2.5 concentration of the city for the previous 5405

years, the total number of natural disasters in the province for current year, and the total number406

of natural disasters in the province for the previous year show a clear positive correlation with their407

impact in emigration number. In contrast, the mean GDP per capita of the city for the previous 5408

years and the GDP per capita of the city for current year exhibit a significant negative correlation409

with their influence in out-flow migration. Meanwhile, the mean carbon emission per capita of the410

city for the previous 5 years, the mean annual average temperature of the city for the previous 5411

years, the mean annual precipitation of the city for the previous 5 years, the carbon emission per412

capita of the city for current year, and the carbon emission per capita of the city for the previous413

year demonstrate a nonlinear relationship with the out-migration numbers.414

415

In the inflow model, the economic variables - GDP per capita of the city for current year, GDP416

per capita of the city for the previous year, and Mean GDP per capita of the city for the previous417

5 years - all show a positive correlation with their impact in the number of migrants moving in.418

Conversely, the total number of natural disasters in the province for the previous 5 years exhibits419

a significant negative correlation with its influence in the number of immigrants. Meanwhile, the420

mean annual average PM2.5 concentration of the city for the previous 5 years, the annual average421

temperature of the city for current year, the mean annual precipitation of the city for the previous422

5 years, the mean annual average temperature of the city for the previous 5 years, and the annual423

average PM2.5 concentration of the city for the previous year demonstrate a nonlinear relationship424

with the in-migration numbers.425

426

Both the outflow and inflow models exhibit numerous features that have significant nonlinear im-427

pacts on the output results. Consequently, we have created Shapley dependence plots for the nine428

most crucial features to observe in greater detail the relationship between these features and the429

in/out migration flows. A Shapley dependence plot delineates the feature value on the x-axis and430

the corresponding Shapley value on the y-axis. These plots offer more comprehensive insights com-431

pared to merely examining the importance contributions. They provide a nuanced understanding432

of how each feature value influences the prediction, revealing the complexity and nature of their433

relationships with migration patterns.434

435
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Figure 7: Shapley dependence plots of outflow model

In figure 7, apart from the variables for which a linear relationship can be directly inferred, many436

features exhibit nonlinear relationships with their impact in the output results. Figure 7-b illus-437

trates a distinct logarithmic function relationship between the mean carbon emission per capita438

of the city for the previous 5 years and its influence in the emigration volume. As this feature439

increases, there is an initial rapid rise in its impact on out flow migration numbers, followed by440

a plateau at a stable level. The mean annual average temperature of the city for the previous 5441

years, the mean annual precipitation of the city for the previous 5 years, and the carbon emission442

per capita of the city for current year exhibit a cyclical function relationship with their influence443

in emigration, characterized by multiple peaks. This pattern indicates a complex interplay of cli-444

matic and environmental factors with emigration volume, where the influence of these variables on445

emigration is not linear but fluctuates, reflecting various underlying dynamics.446

447
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Figure 8: Shapley dependence plots of outflow model

For the inflow model, the mean annual average PM2.5 concentration of the city for the previous 5448

years, the annual average temperature of the city for current year, and the annual average PM2.5449

concentration of the city for the previous year exhibit a polynomial function relationship with their450

impact in the number of immigrants. As the mean annual average PM2.5 concentration of the city451

for the previous 5 years increases, its impact on migration initially surges, then sharply declines,452

after that gradually recovering. The relationship between the annual average PM2.5 concentration453

of the city for the previous year and its impact in the in-migration number demonstrates a similar454

trend, though it is relatively more gradual. With the increase in the annual average temperature455

of the city for current year, its influence on the number of incoming migrants initially decreases456

and then gradually increases. The mean annual precipitation of the city for the previous 5 years457

and the mean annual average temperature of the city for the previous 5 years also display a cycli-458

cal function relationship with their impact in in-migrant volume, characterized by multiple peaks.459

These patterns suggest a complex, non-linear interplay between climatic-environmental factors and460

migrant numbers, with varying influences at different levels of these variables.461

462

5 Discussion463

Migration, employed as an adaptive strategy to respond to challenges in regions vulnerable to464

climate and environment change, has exhibited various patterns and intensities across China. Sig-465

nificant distinctiveness is observable both in the apparent migration trends and in the underlying466
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drivers propelling these movements. These unique characteristics not only reflect the geographical467

diversity and social complexity of China but also unveil the creativity and resilience of humans in468

adapting to climatic and environmental changes.469

470

Initially, cluster analysis categorized Chinese cities into four principal categories: The first cat-471

egory includes cities characterized by hot climates, abundant rainfall, frequent natural disasters,472

more developed economies, and higher levels of per capita carbon emissions and pollution. The473

second category consists of cities with cold climates, scarce precipitation, fewer natural disasters,474

developed economies, and similarly higher levels of per capita carbon emissions and pollution. The475

third category is composed cities with hot climates, plentiful rainfall, numerous natural disasters,476

but relatively underdeveloped economies and lower levels of per capita carbon emissions and pol-477

lution. Lastly, the fourth category of cities typically experience cold climates, less rainfall, fewer478

natural disasters, lower economic levels, and comparatively lower per capita carbon emissions and479

pollution levels.480

481

The first and second categories of cities are definitive net population inflow areas, exhibiting much482

higher in-migration intensities compared to the third and fourth categories, yet their out-migration483

intensities are significantly lower. With China’s rapid urbanization, economic factors often become484

the primary consideration for migrants when the number of migrants increases swiftly. While the485

first and second categories of cities are similar in economic levels and carbon emissions, the number486

of migrants moving out of the first category is slightly higher than that of the second. Similarly,487

among the third and fourth categories, which have comparable economic levels, the third category488

exhibits a higher out-migration intensity compared to the fourth. This indirectly indicates that489

when economic levels are similar, climatic factors such as temperature and precipitation do indeed490

influence migration patterns.491

492

As definitive net outflow migration cities, the third and fourth categories reveal that even without493

the impacts of climate change and natural disasters, people in economically disadvantaged areas494

tend to actively seek better living conditions and development opportunities. However, climate495

change and environmental pressures are not without effect on these cities. A notable observation496

is that the out-migration intensity in each quantity segment for the third category cities is consis-497

tently higher than that of the fourth category, yet the in-migration intensity is similar between the498

two. This indicates that Climate and environmental pressures notably affect the third category499

of cities in southern China, characterized by higher temperatures, increased rainfall, and frequent500

natural disasters.501

502

As for cities, the impact of climate change and environmental pressures is significant. According to503

the result of XGBoost outflow model, among the top five most influential factors, three are related504

to climate. Climate-related variables comprise a major proportion, indicating that climate change505

indeed affects population migration to a certain extent. The impact of climate change may also506

indirectly influence emigration through socio-economic factors.507

508

It should be noted that in the case of China, the average PM2.5 levels and per capita carbon emis-509

sions over the previous five years have provided significant contributions to the outflow model’s510

output. The pollution resulting from rapid urbanization and industrialization has necessary im-511

plications for health, quality of life, and related economic losses. Air pollution, linked to various512

health issues such as respiratory diseases, strokes, and cancer, directly increases individuals’ medi-513

cal and living costs(Lee et al., 2018; Turner et al., 2020). On a micro level, individuals exposed to514

polluted environments over the long term may incur higher health expenses. Moreover, areas with515

high pollution levels are less likely to attract business startups or investments due to higher envi-516

ronmental compliance costs and risks, potentially leading to a reduction in job opportunities(Khan517

& Ozturk, 2020; Wang et al., 2021). When the cost of living for individuals rises sharply, but their518

economic benefits do not significantly increase, the process of migration is likely to be triggered519

rapidly.520

521

According to the results of the XGBoost inflow model, economic factors hold absolute importance522

among the top five most significant factors. At the individual level, the pursuit of economic benefits523

is a important motivator for domestic migration within China. The positive correlation between524
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per capita GDP and in-migration volume clearly indicates that higher economic levels make cities525

more attractive to migrants. However, climate and pollution factors also play significant roles in526

this process. The substantial contribution of climate-related variables to in-migration numbers527

underscores the importance of climate factors in the migration process. Compared to the high528

contribution of pollution variables in the outflow model, their contribution in the inflow model is529

significantly lower. On one hand, economic benefits sufficient to offset the personal costs of pol-530

lution can facilitate effective migration. On the other hand, cities with good economic conditions531

indeed have greater capacity for environmental management and need to reduce the pressures of532

climate change and environmental factors to attract more investment and to create more job op-533

portunities.534

535

6 Conclusion536

In the study of the drivers of internal population migration in China, the significant role of climate537

change must be emphasized. It directly influences migration decisions through increasingly fre-538

quent natural disasters and exhibits a clear linear relationship with migration numbers. Climate539

factors such as precipitation and temperature further impact migration flows through cyclical or540

polynomial patterns. Additionally, climate change shapes migration trends indirectly by influenc-541

ing the socio-economic structure, a phenomenon that is particularly evident in the dynamics of542

migration within China.543

544

In summary, the following conclusions can be drawn:545

546

• Climate change is a key factor influencing current and future population migration in China,547

affecting migration patterns and dynamics through both direct and indirect pathways.548

549

• While economic factors remain the main drivers of population migration, environmental pres-550

sures related to climate change plays a significant role.551

552

• An increase in pollution levels is associated with a rise in net out-migration, highlighting the553

importance of environmental quality in a city’s attractiveness.554

555

• Economic incentives and environmental quality together shape migration flows between Chi-556

nese cities. As environmental governance capabilities improve, economically developed cities might557

better balance these factors to attract more migrants.558

559

In formulating future planning and migration policies, these findings emphasize the importance of560

considering the impacts of climate change and maintaining a balance between economic growth561

and environmental quality. Ultimately, this will contribute to creating more resilient and adaptive562

environments, better equipped to handle the challenges posed by climate change.563

564
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A Appendix

K-means clustering based on principal component analysis

Above all, the data has been standardised to perform principal component analysis. Principal
component analysis (PCA) is a multivariate statistical technique typically employed to reduce
the dimensionality of several interrelated variables while retaining the maximum information fea-
tures of the original data. Assuming a dataset C with a dimension of n, PCA can project the
n-dimensional features onto the new k-dimensional space. This k-dimensional space constitutes
a new orthogonal feature, also referred to as the principal component. The new k-dimensional
features are reconstructed based on the initial n-dimensional features.

In mathematics, PCA can be expressed as a collection of standardised n-dimensional data, X1,
X2,. . . Xn, then ith principal component Zi can be written as a linear combination of the original
variables as formula 5,

Zi = ai1X1 + ai2X2 + · · ·+ ainXn (5)

Then the i principal components are weighed and summed to obtain the final evaluation. The
weight corresponds to the variance contribution ratio of each principal component. After obtained
the first and the second principal component, a new dataset has been generated. This dataset is
comprised of the first, second principal component and normalised migration flow. Regarding this
dataset, the impact of input feature on migration flow is processed using K-means clustering.

K-means clustering is a commonly used unsupervised machine learning algorithm with crucial
applications in pattern recognition, optimization, image processing, and other research (Ahmed
et al., 2020). The foundational principles of the K-means algorithm is straightforward. A given
dataset is divided into K clusters according to the Euclidean distance. The aim is to have the
points within a cluster be as closely connected as possible and to maximise the distance between
the clusters. It mainly involves the following processes,

(1) To determine the number of clusters (k) using the elbow method, the algorithm randomly
selects q point from the dataset as the initial cluster centres Qj , (j= 1,2,..., k).

(2) For each data point xi(i=1...n), the algorithm computes the distance between the data point
and cluster centre Qj , subsequently assigning xi to the nearest cluster. Let Ci denote the
ith clusters to which data point xi is allocated. The minimum distance from xi to Ci can be
articulated as 6:

Ci = argmin ∥xi −Qj∥2 (6)

(3) For each cluster, the algorithm calculates the mean value of all points contained within. The
mean value will be the new cluster centre, which can be represented as 7:

Qj =
1

Nj

∑
xi (7)

,where Nj is the number of points belonging to cluster j. Step (2) and (3) are reiterated until
there is no significant change in cluster centres anymore. The algorithm will then conclude
automatically.

The essence of the K-means algorithm is to minimise the cumulative of the distance between each
point and its centre cluster. In other words, it seeks to reduce the Sum of Squared Errors (SSE).

SSE =
∑

j
∑

i∥xi −Qj∥2 (8)
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Figure 9: Elbow method graph

Table 8: Silhouette coefficient of cluster numbers

Cluster number Silhouette Coefficient

1 0
2 0.4797
3 0.4493
4 0.4025
5 0.3738
6 0.3650
7 0.3668
8 0.3643
9 0.3418
10 0.3615
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