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Spatiat S asiahtiiS or S isiitastl  S i tsiar itiarsSlti  SrsS at lrsS  iaiiarsiS o riS1 

is iaa  Si tsiar iSir  i:SASirwsitaa-  v  Sati Siis ySasSCtast 2 

Alii tai 3 

Understanding the CO2 emissions and influencing factors of travelers’ multiple 4 

modes can provide direction for energy conservation and emission reduction, which is 5 

of great significance for developing sustainable cities. Previous studies focused on the 6 

CO2 emissions of the transportation sector or individual modes. which has overlooked 7 

the variations of emissions within the transport system. Hence, this study focuses on 8 

multiple modes (i.e., car, subway, bus, and bike) in the township in the Guangdong-9 

Hong Kong-Macao Greater Bay Area. This study proposes a framework for exploring 10 

the spatial autocorrelation of urban transport emission structure based on ratios (i.e., 11 

CO2 emissions from each mode divided by total emissions) and key factors by 12 

combining spatial econometric model (i.e., Moran’s I index and Spatial Error Model) 13 

and machine learning model (i.e., Random Forest and SHAP model). In addition, the 14 

spatial autocorrelation of ratios at different spatial scales is investigated. The results 15 

indicate the high spatial dependence in the ratios from each transport mode and Moran's 16 

I indices for four ratios are 0.883, 0.886, 0.706, and 0.776, respectively. In addition, 17 

subway and car ratios exhibit a negative spatial correlation (-0.798), and subway and 18 

bike show a positive correlation (0.570). Population density, road length, and land use 19 

diversity are the key drivers of CO2 emission ratios and have different effects on various 20 

transport modes. Furthermore, as the spatial scales expand from townships to distinct 21 

and city, the spatial autocorrelation of the ratios decreases. This study could provide 22 

policy implications for optimizing urban transport strategies and reducing CO2 23 

emissions. 24 

K ywr  i 25 
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correlation; Spatial error model; SHAP 27 

1. Isi r saiars 28 

The transport sector is facing increasing challenges in today's world. As 29 

urbanization accelerates and economic development continues to advance, the negative 30 

impacts of traditional transport modes are becoming increasingly evident (Mahmoudi 31 

et al., 2019). Air pollution caused by vehicle emissions, time wastage caused by traffic 32 

congestion, and casualties and property damage caused by traffic accidents have all 33 

become important factors restricting the sustainable development of society. Against 34 

this backdrop, sustainable transportation has attracted much attention as an emerging 35 

development paradigm. The sustainability of transportation is defined in three main 36 

dimensions: social, economic, and environmental (Mahmoudi and Rasti-Barzoki, 2018; 37 

Mahmoudi et al., 2019). To limit temperature change to below 2 degrees Celsius, the 38 

world will need to transition to near-zero emissions across the global energy system by 39 

no later than 2060, the environmental dimension of sustainable transport has received 40 

increasing attention (Allen, 2018). Urban agglomerations, the highest spatial 41 

organization form of urban development, are multi-level urban unions formed by the 42 

agglomeration of several large cities and mega-cities distributed geographically (Wang 43 

et al. 2020). Meanwhile, it was also shown that China’s carbon emissions primarily 44 

concentrate in urban agglomerations (Qian et al. 2022). Hence, it is necessary to pay 45 

attention to emission reduction policies for urban agglomerations with increased carbon 46 

emissions in the context of carbon peaking and neutrality (Liu and Xiao 2018, Wang et 47 

al. 2020).  48 

The reliance of transportation on fossil fuels and the inefficient use of 49 

transportation systems have resulted in significant emissions of carbon dioxide (CO2), 50 

playing a role in global climate change. Transportation contributes to over 20% of 51 

global energy-related CO2 emissions, and this number is expected to double by 2050 52 

(Xia et al., 2023). Therefore, the development of policies to control traffic CO2 53 

emissions has become a key problem that urgently needs to be resolved. Exploring the 54 
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establishment of a sustainable transport system requires a focus on the CO2 emissions 55 

of various modes. Assessing the CO2 emissions of different transport modes helps 56 

identify the predominant contributor, facilitating the formulation of energy-saving and 57 

emission-reduction policies for sustainable transportation (Liu et al., 2023). 58 

Additionally, analyzing the relationships between various transport modes, particularly 59 

in terms of spatial competition or collaboration, inspires spatial multimodal 60 

coordination to enhance traffic efficiency and consequently reduce emissions (Becker 61 

et al., 2022; Deng et al., 2022). 62 

While previous studies have explored CO2 emissions of the transport system from 63 

a spatial perspective, they often focused on large-scale aggregate levels, e.g., country 64 

level (Lin et al., 2019; Liu et al., 2022; Zhu, 2023), province level (Bai et al., 2019; Liu 65 

et al., 2022; Ma et al., 2022), and city level (Sun et al., 2017; Gao et al., 2022; Liu et 66 

al., 2023). Large-scale aggregated studies may fall short of providing the necessary 67 

granularity to capture variations in CO2 emissions at a smaller scale. However, to the 68 

best of our knowledge, studies on transport CO2 emissions at the fine-grained township 69 

level are still scarce, which leaves a gap in understanding the CO2 emission of 70 

transportation systems from a more detailed spatial perspective. In addition, previous 71 

studies focused on the CO2 emissions of a specific individual transport mode or the 72 

whole transportation sector, e.g., passenger transportation sectors (He et al., 2013; Batur 73 

et al., 2019; Liu et al., 2023), car (González et al., 2019; Türe and Türe, 2020), public 74 

transport (García-Cerrud et al., 2021; García-Afonso, 2023; Dasgupta et al., 2023) and 75 

bike (McQueen et al., 2020). However, there is a lack of research on the CO2 emissions 76 

of various transport modes within the transportation system, especially from the spatial 77 

perspective. Examining the CO2 emissions of individual transport modes, while 78 

valuable, presents limitations. Focusing solely on a single mode neglects the intricate 79 

interactions and complexities within the entire transportation system. This approach 80 

may fail to comprehensively assess the overall CO2 footprint when various modes are 81 

used in combination. Hence, studying the spatial patterns and influencing factors of 82 
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CO2 emissions from various transport modes is imperative. This study could enable a 83 

holistic understanding of how emissions vary across different geographic locations and 84 

transport modes, providing crucial insights for developing effective strategies to reduce 85 

carbon emissions and promote sustainability across diverse modes of transportation. 86 

Furthermore, previous studies about traffic CO2 emissions mostly analyzed the 87 

influencing factors from the single perspective of spatial metrology or machine learning, 88 

lacking the framework of coupling the spatial econometric model and machine learning 89 

model. CO2 emissions often exhibit significant spatial dependence, meaning that the 90 

emission levels in one area can be influenced by those in neighboring areas. Spatial 91 

econometric models can effectively capture these spatial relationships, revealing the 92 

interactions and spillover effects of emissions between different regions. In detail, 93 

spatial econometric models such as the Spatial Durbin Model and the Spatial 94 

autoregressive model have been widely applied to study the drivers of traffic CO2 95 

emissions (Lv et al., 2019; Song et al., 2021). Due to the powerful ability of machine 96 

learning to capture nonlinear relationships, the application of these models has grown 97 

significantly, leading to numerous studies that utilize these models to predict CO2 98 

emissions. (Ağbulut 2022; Sahraei and Çodur, 2022; Javanmard et al., 2023; Khajavi 99 

and Rastgoo, 2023). Compared to this literature on CO2 prediction using machine 100 

learning, there are few studies that use interpretable machine learning models to reveal 101 

the complex relationships involved (Qiao et al., 2024; Zhi et al., 2024). 102 

To sum up, studies on understanding CO2 emission of multiple transport modes 103 

from a spatial perspective at fine-grained spatial scales are still scarce. Compared to 104 

individual transport modes, examining the CO2 emissions of multiple transport modes 105 

allows for a deeper understanding of the underlying behavioral factors that drive human 106 

choices of different transport modes and the urban transport emission structure. This 107 

understanding can inform the development of behavior-oriented policies to encourage 108 

more environmentally friendly travel behavior to minimize CO2 emissions. Meanwhile, 109 

exploring the relationship between CO2 emissions from multiple modes of 110 
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transportation from spatial and nonlinear perspectives can help to discover patterns of 111 

competition or collaboration among transport modes across different geographic 112 

regions. This analysis can provide valuable insights into how these modes interact, 113 

which can inform strategies to enhance synergies, improve overall travel efficiency, and 114 

ultimately reduce carbon emissions. Moreover, the study of fine-grained CO2 emissions 115 

from various modes of transport on a more detailed spatial scale is helpful for 116 

governments to make precise and locally tailored policies on CO2 emissions from 117 

transport systems. 118 

To fill the gap, this study aims to explore the spatial correlation and influencing 119 

factors of CO2 emission from multiple transport modes, including cars, subways, buses, 120 

and bikes, based on the township-level data in an urban agglomeration (i.e., 121 

Guangdong-Hong Kong-Macao Greater Bay Area (GBA)). Firstly, Moran’s I index is 122 

used to analyze the spatial correlation of the CO2 emission ratio for each transport mode 123 

and each pair of modes, respectively. Secondly, the influencing factors based on the 124 

“4D” principle (Density, Distance, Diversity, and Design) are examined. Then the 125 

framework combining the SEM and interpretable machine learning models is proposed 126 

to quantify the relationships between these factors and the CO2 emission ratios (i.e., 127 

urban transport emission structure) of the four modes. Furthermore, the spatial 128 

correlations of transport mode ratios across different spatial scales, ranging from 129 

township to district and city levels, are explored. The findings of this study can provide 130 

valuable insights into the spatial patterns of CO2 emission from multiple transport 131 

modes. By identifying the key drivers of emissions, policymakers can prioritize 132 

interventions to mitigate CO2 in areas with a high impact. 133 

In summary, the main contribution of this study is to investigate the spatial 134 

relationship between the CO2 emission ratios of various transport modes and the 135 

corresponding influencing factors in the GBA. Specific contributions are as follows: 136 

(1) Focus on the urban transport emissions structure based on four transport modes 137 

and reveal the spatial differences and connections of the CO2 emission ratio of 138 
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different modes at the township level in urban agglomerations. 139 

(2) Explore the influence of factors on the CO2 emission ratio of different transport 140 

modes by using the framework combining the SEM model and interpretable 141 

machine learning models, which can reveal spatial and nonlinear relations. 142 

(3) Uncover the differences in the spatial correlation of CO2 emission ratio across 143 

multiple transport modes at different spatial scales in the urban agglomeration, 144 

providing insights into how spatial patterns of ratios evolve across scales. 145 

 146 

The rest of this research is structured as follows: p aiarsS2 provides an overview 147 

of the related works. p aiarsS3 explains methodologies. p aiarsS4 presents the model 148 

results. p aiarsS5 provides a discussion. p aiarsS6 outlines the policy implications. 149 

Finally, p aiarsS7 summarizes the key findings and further studies. 150 

2. R  ti  Swr kiS 151 

Regarding sustainable transportation, the social, economic, and environmental 152 

dimensions have been the subject of much previous research. Among them, studies on 153 

the social dimension in sustainable transport mostly focus on accessibility to 154 

employment, accessibility to major public services, spatial equity, community cohesion, 155 

safety, transportation variety, traffic congestion, comfort of public transportation 156 

(Iniestra and Gutiérrez 2009; Haghshenas et al. 2015; de Almeida Guimarães and Leal 157 

Junior 2017; Mansourianfar and Haghshenas 2018; Oses et al. 2018; Karamanlis et al., 158 

2023). Regarding the economic dimension of sustainable transportation, previous 159 

studies have mainly concerned with travel time, global surplus, employment evolution, 160 

travel cost, transportation cost for the government, indirect transportation cost for the 161 

user, economic development, and urban economic resilience (Basbas and Politis 2008; 162 

Joumard and Nicolas 2010; Haghshenas et al. 2015; Mansourianfar and Haghshenas 163 

2018; Li et al., 2023). Many studies are focusing on the environmental dimension of 164 

sustainable transportation. The topics of these studies include but are not limited to 165 

biodiversity and protected sectors, GHG emissions, local air quality, noise pollution, 166 
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energy use, water pollution, space/land consumption, consumption of non-renewable 167 

materials (Basbas and Politis, 2008; Nanaki et al., 2017; Nadafianshahamabadi, 168 

Tayarani, and Rowangould, 2017; Oses et al., 2018; Mansourianfar and Haghshenas 169 

2018; Qiao and Huang, 2022; Sun et al., 2024). With the worldwide concern about 170 

climate warming, many studies focus on emissions in the environmental dimension of 171 

sustainable transport. Considering the urgency of reducing carbon emissions, our study 172 

focuses on the environmental dimensions of sustainable transportation. 173 

2.1SExa r tiarsSroSCO2S iaiiarsSo riSi tsiar itiars 174 

This subsection organizes and summarizes the work related to the CO2 emission 175 

of transportation in Table 1. Most of the current research focuses on CO2 emission from 176 

the whole transport sector, mainly analyzing the drivers at different spatial scales, 177 

including the country-, province-, and city-level (Zhu et al., 2019; Liu et al., 2021; Lv 178 

et al., 2019; Song et al., 2021; Zhi et al., 2024). These emission data are generally 179 

provided by the government or environmental component statistics. There are fewer 180 

studies on CO2 emissions from the whole transport sector at scales smaller than the city, 181 

probably because whole emissions at fine scales are difficult to calculate and obtain. In 182 

addition to focusing on emissions from the transport sector as a whole, some studies 183 

focus on CO2 emissions from passenger and freight transport separately (He et al., 2013; 184 

Liu et al., 2017; Xu et al., 2021; Liu et al., 2023). The emissions in these studies are 185 

generally quantified by the researchers themselves. For example, Liu et al (2023) 186 

introduced a technique for estimating and studying CO2 emissions from urban 187 

passenger transportation using sparse trip trajectory data. Their approach involved 188 

constructing a multi-scale platform for calculating and monitoring transportation CO2 189 

emissions, utilizing a bottom-up calculation method. This platform could assess the 190 

CO2 emissions across various passenger transportation modes, including walking, 191 

cycling, buses, metro, and cars. Moreover, a great number of studies focus on the CO2 192 

emissions of single transport modes, including cycling, subway, buses, and bike-sharing 193 
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(González et al., 2019; Türe and Türe 2020; Kou et al., 2020; García et al., 2022a; 194 

García et al., 2022b; Zhi et al., 2022; Dasgupt et al., 2023). Specifically, Li and Yu, 195 

(2019) assessed peaking CO2 emissions of urban passenger transportation sectors in 196 

China. Other studies explored car-related CO2 emissions (González et al., 2019; Türe 197 

and Türe, 2020). For example, González et al., (2019) examined the evolving 198 

correlation among CO2 emissions from cars in Western European Union countries 199 

between 1990 and 2015. There is also a large body of literature concerned with the CO2 200 

emissions of public transport, especially buses, and subways (Liu et al., 2018; García-201 

Cerrud et al., 2021; Dasgupta et al., 2023; García-Afonso, 2023). In addition, there are 202 

also some studies on estimating CO2 emissions from e-bikes and bikes (Chen et al., 203 

2020; McQueen et al., 2020; Zhi et al., 2021). A common methodology used in these 204 

studies is life cycle assessment modeling, especially for emerging transport modes or 205 

new energy buses (Kou et al., 2020; García et al., 2022a; Zhi et al., 2022). Although 206 

some studies have quantified the CO2 value from multiple modes, they have not 207 

explored their relationship (Liu et al., 2017; Liu et al., 2023). 208 

As shown above, there has been a lot of research on CO2 emissions from the whole 209 

transport sector, passenger, freight, and individual transport modes. However, there is 210 

a gap in exploring and comparing the CO2 emission from multiple transport modes from 211 

a spatial perspective. In addition, previous studies have paid little attention to spatial 212 

scales smaller than the city (e.g., the township level), and even less to township-level 213 

studies of urban agglomerations of significance.  214 

There are three main categories of methods to explore the factors influencing 215 

traffic CO2: decomposition analysis methods, spatial econometric models, and machine 216 

learning models, and, as shown in Table 1. Among the decomposition analysis methods, 217 

the Logarithmic Mean Divisia Index is mainly used for macro-level studies and is less 218 

concerned with fine-grained spatial analyses (Liu et al., 2021). Spatial econometric 219 

models are mainly based on linear assumptions to deal with spatial dependence. 220 

Regarding the spatial econometric models, the Spatial Durbin Model can effectively 221 
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capture spatial dependence and spillover effects and is suitable for the study of inter-222 

regional interactions (Lv et al., 2019). The spatial autoregressive model effectively 223 

reveals the spatial dependence between regions (Song et al., 2021). Both studies in the 224 

table combine machine learning models and post-interpretation models to reveal the 225 

nonlinear relationship between traffic CO2 and influencing factors in depth (Qiao et al., 226 

2024; Zhi et al., 2024). For example, Qiao et al. (2024) developed an interpretable 227 

multi-stage forecasting framework for quantifying CO2 emissions in the UK’s transport 228 

sector. This framework uses diverse input features from socioeconomic, transportation, 229 

and energy-related sources. It integrates interpretable machine learning methods with 230 

the SHapley Additive exPlanations (SHAP) technique to enhance forecasting accuracy 231 

and reveal the relationships between predictions and key influencing factors. 232 

In summary, there is a lack of comparative studies focusing on CO2 emission of 233 

multiple modes from a spatial and nonlinear perspective by combining spatial 234 

econometric models and interpretable machine learning models. Gaining insights into 235 

the spatial patterns of CO2 emissions enables enhanced design of transportation 236 

infrastructure and the optimization of transport networks. This understanding facilitates 237 

strategic planning that encourages the adoption of low-carbon modes, promoting 238 

sustainable and environmentally friendly transportation practices. 239 

 240 

 241 

 242 

 243 

 244 

 245 

 246 

 247 

Table 1. Summary of related works 248 

Literature Study object 
Research 

topic 
Study area Study unit Method 

Multiple 

transport modes  

Incor

porat
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Include? 

From a 
spatial 
perspec

tive? 

ing 

diffe

rent 

meth

ods 

Liu et al. 
(2021) 

CO2 of the 
whole 

transport 
sector 

Influencing 
factor of the 
traffic CO2 
emission 

China 
Country 

Level 

Logarithmic 
Mean Divisia 

Index 
× × × 

Lv et al. 
(2019) 

China 
Province 

Level 
Spatial Durbin 

Model 
× × × 

Song et 
al. (2021) 

China 
City Level 

Spatial 
autoregressive 

model 
× × × 

Zhi et al., 
(2024) 

China 
Machine 
learning 

× × × 

Qiao et al 
(2024) 

UK 
Country 

Level 
Machine 
learning 

× × × 

Xu et 
al.(2021) 

Truck 
emissions 
between 

cities 

Calculating 
CO2 

emissions 
from freight 

transportation 

Beijing-Tianjin-
Hebei urban 

agglomeration 
City Level Gravity theory × × × 

He et 
al.(2013) 

The urban 
passenger 

transportation 
sector 

Calculating 
CO2 

emissions 
from 

passenger 
transportation 

China City Level 

Bottom-up 
CO2 emissions 

calculation 
approach 

× × × 

Liu et al. 
(2017) 

CO2 
emissions of 
urban motor 
and metro 
transports 

Wuhan 
Subdistrict 
and town 

√ × × 

Liu et 
al.(2023) 

CO2 
emissions 

from 
walking, 
cycling, 

buses, metro, 
and cars 

Hangzhou 
Road 
Level 

√ × × 

González 
et al. 

(2019) 
Passenger 
cars’ CO2 
emission 

Influencing 
factor 

of cars’ CO2 
emission  

Europe 
Country 

Level 
Dynamic Panel 

Data model 
× × × 

Türe and 
Türe 

(2020) 
Europe / 

Mathematical 
modeling 

× × × 

Dasgupt 
et 

al(2023) 

CO2 emission 
related to 
subway 

Impact of the 
subway on 

CO2 
World 

Functional 
urban 
areas 

Global 
emissions 

model, 
× × × 

García et 
al. 

(2022a) 

CO2 of bus 

Calculating 
CO2 

emissions 
from bus 

Spain City Level 
Life cycle 
assessment 

× × × 

García et 
al. 

(2022b) 

Pathways to 
reduce CO2 
emission for 
bus transit 
networks 

Spain / 
Simulation 

method 
× × × 
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Kou et 
al., 

(2020) 
CO2 of bike-

sharing 
 

Calculating 
CO2 

emissions 
from bike-

sharing 
system  

United States City Level 
Life cycle 
assessment 

× × × 

Zhi et al., 
(2022) 

China and the 
United States 

City Level 
Life cycle 
assessment 

× × × 

This 

study 

CO2 

emissions 

from cars, 

subways, 

buses, and 

bikes 

Spatial 

pattern and 

influencing 

factor 

of CO2 

emission of 

four 

transport 

modes 

GBA (urban 

agglomeration)  

Township 

Level; 

District 

Level; 

City 

Level 

A 

methodological 

framework for 

integrating 

SEM and 

interpretable 

machine 

learning 

models 

√ √ √ 

2.2SGtaStst yiai 249 

Despite extensive research on CO2 emissions across various scales (country, 250 

province, city) and for individual transport modes (cars, buses, subways), there is a 251 

notable gap in studies that examine CO2 emissions from multiple transport modes 252 

simultaneously from a spatial perspective. Existing research often focuses either on 253 

aggregate levels or on single transport modes, overlooking the interactions and spatial 254 

relationships between different modes. Additionally, fine-grained spatial scales, such as 255 

the township level within urban agglomerations, are underexplored. This limitation 256 

hampers understanding of how different transport modes interact spatially and their 257 

combined impact on CO2 emissions. 258 

Moreover, current methods for analyzing traffic CO2 emissions predominantly rely 259 

on linear spatial econometric models, which effectively capture spatial dependencies 260 

but fall short in addressing complex nonlinear relationships. While spatial econometric 261 

models like the Spatial Durbin Model and spatial autoregressive models provide 262 

valuable insights into spatial interactions, they do not fully capture nonlinear dynamics. 263 

Conversely, although machine learning techniques offer advanced capabilities for 264 

modeling nonlinear relationships, they are often used separately from spatial analysis. 265 

There is a lack of integrated approaches that combine spatial econometric models with 266 

interpretable machine learning methods to comprehensively address both spatial and 267 
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nonlinear aspects of CO2 emissions. 268 

Therefore, this study focuses on multiple transport modes to explore the spatial 269 

differences and linkages in their CO2 emissions and influencing factors. Given that the 270 

GBA is one of the most important urban agglomerations in China and covers a wide 271 

range of city types, with strong transport links between cities, it is chosen as the study 272 

area. The four transport modes of car, subway, bus, and bike are primarily responsible 273 

for intra-city travel, and studying CO2 emissions from these modes on the township 274 

level is useful for capturing finer-grained features. This study aims to propose a 275 

framework for quantifying impact considering the spatial and nonlinear relationship 276 

between CO2 emissions and influencing factors. 277 

3. M itr r rhy 278 

3.1SDtitS  ia aaiarsSts S  i t atSo ti wr k 279 

Urban agglomerations are a highly spatialized form of organization in which urban 280 

development has come to maturity. (Xu et al., 2021). As an important internationalized 281 

urban agglomeration in China, the CO2 status from the transportation of the GBA has a 282 

significant impact on the achievement of China's overall carbon reduction targets. In 283 

this study, the research region is GBA, including 9 cities and 2 special administrative 284 

regions (i.e. Hong Kong and Macau), as shown in Figure 1. The 630 township-level 285 

areas in the GBA are selected in the study, as shown in each city or special 286 

administrative region in this figure. 287 
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 288 

Figure 1. Administrative divisions at the city and township level in the GBA 289 

 290 

The studied data are obtained from the cooperating company and provide 291 

information on the CO2 emission of the four transport modes (i.e., car, subway, bus, and 292 

bike) for a full year in 2021. In addition, this data does not include emissions associated 293 

with motorcycles. The CO2 emissions for each mode are obtained by using the traveler’s 294 

trajectory data. Table 2 shows the sample data on CO2 emission from the four transport 295 

modes in the townships of the GBA.  296 

Table 2. Sample data of CO2 emission from the four transport modes (unit: kg) 297 

Township ID Car Subway Bus Bike 

440785104 1094086.526 180811.492 456704.142 9056.764 

440785108 1357566.371 213567.418 619698.667 10232.108 

440785106 1395204.313 232020.191 574815.140 9725.901 

440785102 1130591.792 180697.816 540276.656 11337.944 

440785100 1642765.412 257239.415 734362.517 11471.460 

The size and traffic conditions of different townships can vary considerably, 298 

resulting in CO2 emission in absolute terms not being directly comparable. The study 299 

calculates the ratios of CO2 emission from the four modes of transport in each town to 300 
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make it more comparable between different townships. The calculated ratios are named 301 

as Car-Ratio, Subway-Ratio, Bus-Ratio, and Bike-Ratio, the mean values are 60.01%, 302 

12.84%, 26.33%, and 0.72%, respectively. These ratios reflect the urban transport 303 

emission structure. Figure 2 presents 3D plots of these four CO2 emission ratios, 304 

indicating their spatial heterogeneity and correlation. The height of the townships in the 305 

figure corresponds to the absolute value of CO2 emissions shown in Table 2, and the 306 

color corresponds to the value of the “Ratio”. From the figure, it can be seen that the 307 

distribution of CO2 emissions with respect to “Ratio” is not consistent. 308 

 309 

 310 

Figure 2. Illustration of CO2 emission ratios of four transport modes in each township 311 

The objective of this research is to examine the spatial patterns of CO2 emissions 312 

from travelers using the same mode across various townships, as well as those using 313 

different multiple transport modes. Based on the fine-grained township-level data on 314 

CO2 emission from four transport modes (i.e., bike, bus, subway, and car), this study 315 

first explores the spatial correlation of the CO2 emission ratios of transport modes, 316 

which involves computing the global Moran’s I index of CO2 emission ratios for 317 

individual transport modes and each pair of two transport modes. Then, based on the 318 

features selected by the “4D” principle, SEM considering spatial spillover effects is 319 
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used to explore the drivers of CO2 emission ratios of different transport modes. To 320 

further quantify the contribution of each feature, the machine learning model Random 321 

Forest and post-interpretation model SHAP are combined for analysis. Finally, the 322 

changes in the spatial correlation of the CO2 emission ratios of transport modes at 323 

different spatial scales are compared. The framework diagram of this study is shown in 324 

Figure 3. 325 

 326 

Figure 3. The framework diagram for this study 327 
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3.2Spatiat Stsirar    tiarsSroSCO2S iaiiarsS tiarSroSas ava st Si tsiar iSir  i 328 

To explore the spatial mobility of CO2 emission of individual transport modes, 329 

global and local Moran's I indices are employed to measure the spatial autocorrelation 330 

of CO2 emission ratios of each transport mode, as follows. 331 

3.2.1.SG rlt S oo aiiSroSCO2S iaiiarsiSo riSas ava st Si tsiar iSir  i 332 

Global Moran’s I test is widely employed as a spatial variability test, which can 333 

provide insights into the spatial autocorrelation of the CO2 emission ratio of each 334 

transport mode (Moran 1950; O'sullivan and Unwin, 2003; Srejic et al., 2023). Global 335 

Moran’s I is a commonly used indicator for measuring the spatial patterns of 336 

geographical phenomena, which is presented in the following manner according to 337 

Moran (1950): 338 
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where n is the number of studied townships. ij
w  is the weight between townships i and 340 

j. iy  and j
y  are the CO2 emission ratios of the same transport mode at townships i and 341 

j, respectively. y  is the average value of ratios in all townships. 342 

The global Moran’s I indices range from -1 to 1, reflecting different spatial patterns. 343 

Positive values indicate spatial aggregation, meaning that close townships tend to have 344 

similar CO2 emission ratios while distant townships have different ratios. Conversely, 345 

negative values indicate spatial dispersion, suggesting that observations are more 346 

dissimilar as distance increases. A value near 0 indicates a spatially random distribution, 347 

where no clear spatial pattern can be discerned. The significance of the Moran's I 348 

statistic is typically assessed using a Z-score, as follows (Moran, 1950; Ma et al., 2020): 349 
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where ( )E I  represents the expected value of the global Moran’s I statistic. ( )Var I351 

represents the standard deviation. The significance level in township-level data is set as 352 

0.001P  . 353 

3.2.2.SLrlt S oo aiiSroSCO2S iaiiarsiSo riSas ava st Si tsiar iSir  i 354 

Local Moran’s I serves as the decomposed version of the global Moran’s I, 355 

allowing for a more detailed examination of the spatial agglomeration characteristics 356 

of individual townships and the identification of hotspots through comparisons with 357 

neighboring areas (Anselin, 1995; Zhang et al., 2008). The computational equation is 358 

presented as follows (Zhang et al., 2008). 359 
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 (3) 360 

where n, iy , j
y , y and ij

w  are identical to the terms in Eq. (1).  361 

Additionally, the results of the computed local Moran’s I indices are visualized 362 

through the Local Indicators of Spatial Association (LISA) cluster map, helping us 363 

detect CO2 ratio clusters and outliers in the study area (Wang et al., 2020b). 364 

3.3Spatiat Sar    tiarsSroSCO2S iaiiarsS tiarSroSlavt ati Si tsiar iSir  i 365 

To investigate the spatial relationship between the CO2 ratios of two transport 366 

modes, the bivariate Moran’s I index for each pair of modes among the four transport 367 

modes is calculated, resulting in a total of 12 sets of Moran’s I values ( 2
4 12A = ). The 368 

computation of bivariate Moran's I index is shown below. 369 

3.3.1.SG rlt S oo aiiSroSCO2S iaiiarsiSo riSlavt ati Si tsiar iSir  i 370 

While spatial autocorrelation above describes geographic elements with only one 371 
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variable, bivariate-based spatial autocorrelation has high applicability and validity in 372 

describing the spatial association and dependence characteristics of two geographic 373 

elements. Hence, the bivariate Moran’s I index, an enhanced iteration of the traditional 374 

Moran’s I index, serves as a spatial autocorrelation measure to assess the spatial 375 

relationship between two transport modes’ CO2 emission ratios (Srejic et al., 2023). 376 

Similar to Moran’s I of individual transport modes’ ratio, bivariate Moran’s I statistics 377 

come in two forms: global and local. The global bivariate Moran’s I provide an 378 

overview of the spatial relationship of two ratios of different modes across all townships 379 

throughout the entire GBA. It can be computed using the following equation (Moran, 380 

1950; Gao et al., 2022). 381 
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where a

i
y  is the standardized CO2 emission ratio of transport mode a in township i. b

y  383 

is the average CO2 emission ratio of transport mode b. 2
S is stand for the variances of 384 

the ratios for the transport mode a.  The ratios of transport modes a and b are selected 385 

from Car-Ratio, Subway-Ratio, Bus-Ratio, and Bike-Ratio. 386 

The bivariate Moran’s I index is employed to measure the spatial correlation 387 

between each pair of two transport modes. Its value ranges from -1 to 1. The type and 388 

strength of spatial correlation can be interpreted by the positive or negative sign and the 389 

magnitude of the value. If the value of the bivariate Moran’s I index is close to 1, it 390 

means that the CO2 emissions ratios of two different transport modes show a positive 391 

spatial correlation. This means that when the value of one CO2 emission ratio is higher 392 

in a particular township, the value of the other ratio is also higher in the townships 393 

adjacent to it and vice versa. Conversely, if the value of the bivariate Moran’s I index 394 

is close to -1, it means that the two ratios show a negative spatial correlation. This means 395 

that when the value of one ratio is higher in one township, the value of the other ratio 396 

is lower in the townships adjacent to it and vice versa. (Gao et al., 2022).  397 
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3.3.2.SLrat S oo aiiSroSCO2S iaiiarsiSo riSlavt ati Si tsiar iSir  iS 398 

The bivariate local indicator of spatial autocorrelation for variables a and b is a 399 

widely used method for assessing spatial heterogeneity and identifying local clusters 400 

(Aturinde et al., 2019; Gao et al., 2022). 401 
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where a
y   is the average CO2 emissions ratio of transport mode a. b

j
y   is the 403 

standardized CO2 emissions ratio of transport mode b in township j. 2
a

S   and 2
b

S   are 404 

stand for the variances of the ratios for the transport modes a and b, respectively. 405 

3.4Spatiat S   r Sir    406 

In this study, SEM is employed to quantify the impact of factors on the CO2 407 

emission ratios of different transport modes. The selection of SEM is based on two tests, 408 

i.e., the Lagrange Multiplier (LM) test and the Likelihood Ratio (LR) test (Elhorst, 409 

2014). The specific results of the two tests are in subsection 4.3. Based on the results 410 

of two tests, considering the interactions and dependencies between spatially adjacent 411 

areas, the SEM is employed to explore how the driving factors (i.e., explanatory 412 

variables) influence the CO2 emission ratios of four transport modes in township 413 

regions. By applying the SEM, the spatial spillover effects are considered and 414 

traditional econometric models are extended by incorporating spatial relationships and 415 

spatially lagged variables. This allows for the investigation of spatial patterns, spatial 416 

spillover effects, and the impact of neighboring observations on the dependent variable. 417 

In the SEM model, the dependent variable of any township is influenced not only by its 418 

independent variables but also by the errors of neighboring townships (Ibeas et al., 419 

2012): 420 

 y X W   = + +  (6) 421 

where y can be Car-Ratio, Subway-Ratio, Bus-Ratio, and Bike-Ratio. X is the 422 
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explanatory variable.   is the estimated parameters related to diverting variables.   423 

is a spatial autocorrelation parameter of errors. W represents a matrix of spatial 424 

weightings.   represents the spatial error term.  represents the interference term. 425 

Then, the explanatory variables (i.e., built environment indicators) influencing 426 

CO2 ratios are selected based on the “4D” (density, distance, diversity, design) 427 

principles, which is an essential approach to understanding the intricate relationship 428 

between township form and CO2 emission (Tu et al., 2021; An et al., 2022; Gao et al., 429 

2023). D siaiy measures the concentration of activities and population,  aiitsa  430 

captures the spatial accessibility,  av  iaiy accounts for the variety of land uses, and 431 

  iahs encompasses the physical layout of the road network. By considering these 432 

variables, the spatial, social, and design factors that contribute to CO2 of transport 433 

modes can be analyzed comprehensively. The specific variables selected and their 434 

meanings are summarized in Table 3. The variables with a variance inflation factor (VIF) 435 

score greater than 10 are excluded, as recommended in the literature (Taiebat et al., 436 

2022). The VIF values of the variables are provided in Aaa s axSB. In addition, the 437 

selection of explanatory variables is based on an ablation study, and the variables that 438 

have a significant impact on the accuracy of the model are selected. In ablation studies, 439 

researchers gradually remove certain parts or features of the model and then observe 440 

changes in model performance to understand the importance of each component to the 441 

model and how they interact with each other (Girshick et al., 2014). 442 

Table 3. The description of explanatory variables 443 

Type Variables Description 

Density 

POP The population density in 2021 

Residence The density of residences POI 

Mall The density of mall POI 

Hotel The density of hotel POI 

Factory The density of factory POI 

Bus station The density of bus stations POI 

School The density of school POI 

Office building The density of office buildings POI 
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Restaurant The density of restaurants POI 

Subway station The density of subway stations POI 

Distance Center-distance Straight line distance from the center (unit: km) 

Diversity 
Land use 

diversity 
The entropy of all types of POIs in the service area 

Design 

Trunk 
The total length of the trunk divided by the area of the township  

(unit: km) 

Tertiary 
The total length of tertiary divided by the area of the township  

(unit: km) 

Secondary  
The total length of the secondary divided by the area of the 

township  (unit: km) 

Primary 
The total length of the primary divided by the area of the township  

(unit: km) 

Motorway 
The total length of the motorway divided by the area of the 

township  (unit: km) 

3.5SMtatas S  t sashSir   i 444 

Considering the advantages of machine learning from various perspectives, this 445 

study incorporates machine learning into the analytical framework. Specifically: (a) 446 

Machine learning excels at fitting complex nonlinear relationships with high accuracy 447 

(Qiao et al., 2024). (b) Although machine learning models previously faced issues with 448 

interpretability, recent methods such as SHAP and ALE now offer ways to explain 449 

model results (Zhi et al., 2024). (c) While SEM analysis has provided coefficients for 450 

influencing factors, these coefficients alone are insufficient for revealing the 451 

relationship between different samples and CO2 emission ratios. Interpretative machine 452 

learning models can address this limitation. 453 

Inspired by Bai et al (2023) ’s incorporation of spatial information into machine 454 

learning models, this study couples the SEM model with machine learning models to 455 

further quantify the impact of explanatory variables on the CO2 emission ratio. The 456 

specific steps are as follows: 457 

pi aS1SExi taiashS xa tstir ySvt atl  SroSitatas S  t sashSir   iSlti  SrsSpEMS458 

oaiiashS  is ii 459 

The parameters    and    in Equation (6) can be obtained by fitting the 460 

relationship between the explanatory variables and the four ratios (i.e., Car-Ratio, 461 
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Subway-Ratio, Bus-Ratio, and Bike-Ratio) using SEM. Therefore, based on obtaining 462 

the parameters of Equation (6), the explanatory variables can be input into SEM to 463 

obtain the predicted values ˆSEMy  , and furthermore to obtain the residuals (i.e., 464 

SEM_residuals) *ˆ
SEM SEMy y y = − between the predicted values and the true values *

y . 465 

SEM_residuals take into account the geospatial correlation. Generally, environmental, 466 

economic or social factors may be similar between neighboring regions, so their 467 

residuals may show certain spatial patterns or correlations. To capture the effect of 468 

SEM_residuals SEMy   on the four ratios, it is added to the explanatory variables in 469 

Table 3. This new dataset of explanatory variables will be fed into the machine learning 470 

model to further explain its effect on carbon emission ratios. 471 

pi aS2SR  tiarsitaaSarsii saiarsSlti  SrsS  h  iiarsSir   SRts riSFr  ii 472 

Random Forest is among the most accurate general-purpose classifiers so far with 473 

the capability of handling high dimensional data (Biau, 2012; Yan et al., 2020). Random 474 

forest is essentially a tree-based ensemble method: it trains multiple decision trees and 475 

combines the predictions of all the decision trees to generate a final prediction (Breiman, 476 

2001). In this study, the Random Forest model, built using the Python library scikit-477 

learn, is tuned with grid search to select a candidate model with 1000 decision trees. 478 

The dataset includes 630 samples (i.e., 630 townships), each with 18 explanatory 479 

variables 
ix   one more than the 17 listed in Table 3. For each township, there are 480 

corresponding explained variables 
iy  (i.e., actual Car-Ratio, Subway-Ratio, Bus-Ratio, 481 

and Bike-Ratio). The selected Random Forecast model predicts the corresponding Ratio 482 

ˆ RF

i
y  using these explanatory variables. 483 

pi aS3SR  tiarsitaaSasi  a  itiarsSlti  SrsSit SpHAPSir    484 

Input the predicted values (i.e., ˆ RF

i
y  ) of all the townships, obtained from the 485 

trained Random Forecast, along with the corresponding explanatory variables (i.e., 
ix ), 486 

into the SHAP model. SHAP aims to interpret model predictions by quantifying the 487 

contribution of each explanatory variable. Specifically, the contribution of a given 488 

explanatory variable i, known as its SHAP value 
i  , can be determined using the 489 

following method (Molnar, 2020): 490 

 491 
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where E is the set of all input explanatory variables. S is the set of non-zero indexes in 493 

'
z  , and '

i
z   represents variable i being observed ( ' 1

i
z =  ) or not ( ' 0

i
z =  ). ( )f S   is the 494 

expectation of the function conditioned on subset S. | |S  and M are the numbers of 495 

variables in subset S and set E, respectively. 496 

4. R is iStst yiaiS 497 

4.1Spatiat Stsirar    tiarsSroSssavt ati Sir  iSor SCO2S iaiiarsS tiari 498 

As described in p aiarsS3.2, the spatial correlation of the CO2 emission ratios from 499 

the four modes in each township is calculated, i.e., Car-Ratio, Subway-Ratio, Bus-Ratio, 500 

and Bike-Ratio. The spatial distribution of these four ratios is shown in Figure 4. Figure 501 

4(a) shows that the Car-Ratio is lower in the townships in Guangzhou, Shenzhen, and 502 

Hongkong (i.e., the blue area where the Car-Ratio <0.557). In contrast, the Car-Ratio 503 

of the townships in cities with lower levels of development is higher, such as Zhaoqing, 504 

Foshan, and Jiangmen. The townships in lower levels of development cities may be 505 

relatively remote in location and have relatively less developed transportation networks. 506 

Lacking convenient public transport and transport facilities, residents prefer to drive as 507 

their main mode of transport, resulting in a higher Car-Ratio. 508 

In contrast, the results of the other three transport modes (i.e., Subway-Ratio, Bus-509 

Ratio, and Bike-Ratio) in Figures 4(b)-(d) are different from that of Car-Ratio. In 510 

particular, the cold spots and hot spots in Subway-Ratio are almost opposite to Car-511 

Ratio. In Guangzhou, Shenzhen, and Hong Kong, which have a high level of 512 

development, the Subway-Ratio is the highest, while in contrast, Zhaoqing, Foshan, 513 

and Jiangmen, which have a low level of development, have the lowest values. The 514 

value of Bus-Ratio is high in the townships in the center of Guangzhou and in Hong 515 

Kong, the townships in Zhaoqing, which is different from the distribution of other 516 
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modes. It is worth noting that since the values of the Bike-Ratio itself are relatively 517 

small, the difference between the townships, although different in color, is not large.  518 

The areas with high bike ratios are concentrated in the center of Guangzhou, which is 519 

the largest red area in the middle of the figure. 520 

However, in other studies of GBA’s transportation CO2 emissions, the results show 521 

that the central cities for economic development, Guangzhou, Foshan, Dongguan, Hong 522 

Kong, and Shenzhen have relatively high CO2 emissions (Wang et al., 2023). The 523 

conclusions of this study are different from the above, on the one hand, because the 524 

“Ratio” selected is a relative value, so the large CO2 emissions ratio does not mean the 525 

large emissions. On the other hand, this study selects the emissions from four modes of 526 

intra-city transport, which are different from the total emissions from the whole 527 

transport system of freight and passenger transport. 528 

 529 

Figure 4. Spatial distribution of ratios of CO2 emission from the four transport modes 530 

The global Moran’s I of CO2 emission ratios of each transport mode is shown in 531 
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Figure 5. The Z-score for all Moran’s I meet the significance threshold (p < 0.001), as 532 

shown in Table 4. In detail, Moran's I indices for four ratios Car-Ratio, Subway-Ratio, 533 

Bus-Ratio, and Bike-Ratio are 0.883, 0.886, 0.706, and 0.776, respectively. The results 534 

suggest that the CO2 emissions ratio from each transport mode is highly positively 535 

correlated at the township level. In the scatterplots, the majority of points are 536 

concentrated in the first and third quadrants, affirming the presence of spatial positive 537 

autocorrelation in most townships. In these subfigures of Figure 5, there is a special 538 

agglomeration region (i.e., Zone a) in the third quadrant of the Car-Ratio, which is 539 

dispersed from most of the other points. These townships in the “Zone a” of Car-Ratio 540 

are all located in Hong Kong, suggesting that there is a very obvious negative spatial 541 

correlation in the Car-Ratio between these townships in Hong Kong compared with 542 

other townships. 543 

 544 

Figure 5. Global Moran’s I of CO2 emissions ratios of four transport modes 545 
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Table 4. Global Moran’s I of ratios between two modes 546 

Type Moran’s I P-value Z-value 

Car-Ratio 0.883 0.000 28.313 

Subway-Ratio 0.886 0.000 28.204 

Bus-Ratio 0.706 0.000 23.419 

Bike-Ratio 0.776 0.000 24.963 

To elucidate the spatial local clustering characteristics of the four ratios, Figure 6 547 

presents the local LISA clustering map. The four quadrants of the Moran scatterplot 548 

correspond to four cluster types: high-high cluster (H–H), high-low cluster (H-L), low-549 

high cluster (L-H), and low-low cluster (L-L). In detail, H–H denotes that the township 550 

exhibits a spatial positive correlation with adjacent townships having high values, 551 

indicating a pronounced spatial dependence. L–L denotes the spatial positive 552 

correlation for low values. In addition, H-L implies that townships display a spatial 553 

negative correlation with adjacent townships having low values, signifying significant 554 

spatial heterogeneity, and L-H denotes a similar negative correlation. In the four 555 

subfigures, more townships have H–H and L-L agglomeration types, confirming the 556 

conclusion that the CO2 ratio in the GBA has positive spatial autocorrelation at the 557 

township level. On the whole, Car-Ratio shows spatially that H-H townships are 558 

dominant, Subway-Ratio features a predominance of L-L townships, Bus-Ratio shows 559 

about the same number of H-H townships as L-L, and Bike-Ratio presents the largest 560 

number of L-L townships. In addition, as shown in Figure 6(a) and Figure 6(b), the H-561 

H and L-L clustered townships in Car-Ratio are essentially opposite in Subway-Ratio. 562 

Especially, Car-Ratio presents H-H in the townships of Guangzhou city center and 563 

Shenzhen Hong Kong, respectively, but Subway-Ratio in the townships of these two 564 

regions presents the opposite L-L. Comparing Figure 6(b) and Figure 6(d) reveals that 565 

there is a significant overlap between the H-H and L-L townships of Subway-Ratio and 566 

Bike-Ratio.  567 

Overall, the distribution of Car-Ratio is significantly different from the other three 568 

ratios, in the townships where this ratio presents H-H, while the other three ratios are 569 

predominantly L-L distributed. In addition, especially in the two areas where the Car-570 

Ratio presents L-L (blue areas in Figure 6(a)), the corresponding Subway-Ratio 571 

presents H-H, the corresponding Bus-Ratio in the lower-right blue areas in Figure 6(a) 572 

also presents H-H, and a small number of townships in the two blue areas in Figure 6(a) 573 
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Bike-Ratio show H-H. Areas with high Car-Ratio and low use of other transport modes 574 

may lack efficient public transport infrastructure. Conversely, areas with high public 575 

transport usage may have robust metro and bus networks. In addition, these results may 576 

be related to the competitive or cooperative relationship between the various transport 577 

modes, and these will be revealed below based on the bivariate Moran’s I. For example, 578 

the Bus-Ratio insignificance in the H-H clustering areas in Car-Ratio might stem from 579 

the relatively weak competition between buses and cars in these townships, which will 580 

be analyzed further below based on quantitative results. 581 

 582 

Figure 6. LISA for CO2 emissions ratios of four transport modes 583 

4.2Spatiat Stsirar    tiarsSroSlavt ati Sir  iSor SCO2S iaiiarsS tiari 584 

As described in p aiarsS3.3, this study calculates Moran’s I index for two-by-585 

two groups of the four transport modes, and the values shown in Table 5. Scatterplots 586 

of the 12 bivariate Moran's I are displayed in Aaa s axSA. These results show that Car-587 

Ratio is spatially negatively correlated with Subway-Ratio, Bus-Ratio, and Bike-Ratio, 588 

with Moran’s I indices of -0.798 (p<0.001), -0.351 (p<0.001), and -0.574 (p<0.001). 589 

Among them, Car-Ratio and Bus-Ratio have the lowest negative spatial correlation, 590 

which supports the weak competitive relationship between these two transport modes 591 
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proposed above. It is worth noting that Subway-Ratio and Bus-Ratio are positively 592 

correlated but the degree of correlation is very low, i.e., the Moran’s I index is 0.006. 593 

In addition, Subway-Ratio and Bike-Ratio have a high spatial correlation, with a 594 

Moran’s I index of 0.570 (p<0.001). Bus-Ratio and Bike-Ratio have a low spatial 595 

correlation with a Moran’s I index of 0.101 (p<0.001). 596 

Table 5. Global bivariate Moran’s I of ratios of two transport modes 597 

Moran’s I Car-Ratio Subway-Ratio Bus-Ratio Bike-Ratio 

Car-Ratio 0.883*** -0.798*** -0.351*** -0.574*** 

Subway-Ratio -0.792*** 0.886*** 0.006 0.570*** 

Bus-Ratio -0.361*** 0.018 0.706*** 0.101*** 

Bike-Ratio -0.581*** 0.577*** 0.103*** 0.776*** 

Note: ⁎⁎⁎, ⁎⁎, ⁎ indicate significance at the 0.99, 0.95, and 0.90 confidence levels, respectively. 598 

As shown in Table 5, the values of the two variables interchanging their positions 599 

in the bivariate Moran’s I are similar. Hence, 6 group variables are selected to show the 600 

spatial agglomeration, as shown in Figure 7. Specifically, Figure 7(a) is dominated by 601 

H-L and L-H i.e., mainly spatially negative correlations. The largest number of 602 

townships presenting H-L are mainly located in the left half of the figure in cities with 603 

a low level of development, i.e., in these townships the value of the Car-Ratio itself is 604 

high and the value of the Subway-Ratio of the adjacent townships is low. In addition, 605 

the L-H townships are located in Guangzhou, Shenzhen, and Hong Kong, which have 606 

higher levels of development. Figure 7(d) shows that Subway-Ratio and Bus-Ratio in 607 

townships located in the Hong Kong area show H-H, which is the largest red area in the 608 

figure. The urban planning structure in Hong Kong may contribute to a positive 609 

correlation in CO2 emissions Ratios between the subway and bus. The subway and bus 610 

routes overlap in certain areas, leading to high-frequency services in those regions, 611 

which could result in increased CO2 emissions for both subway and bus in those specific 612 

areas. There is a distinct red area in Figure 7(e) located in the center of the city of 613 

Guangzhou. Subway-Ratio and Bike-Ratio show a positive correlation (i.e., H-H) in 614 

this area. This may be related to the information that Guangzhou is a passenger transport 615 
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system with rail as the backbone and that passengers in the city center may use the 616 

subway for major long-distance trips, but may be more inclined to use bikes for the last 617 

short distance (the last kilometer) (Lv et., 2021). 618 

 619 

 620 

Figure 7. LISA for ratios of transport modes based on bivariate Moran’s I index 621 

4.3SIso s saashSotair iSroSCO2S iaiiarsS tiari 622 

In this subsection, SEM is employed to explore the impact of factors on the CO2 623 

emission ratios of different transport modes. As described in subsection 3.4, the 624 

selection of SEM is based on the LM test and the LR test, which is shown in Table 6. 625 

Specifically, combining the third and fourth rows in the table, robust LM-Lag tests 626 

accept the hypothesis that the explained variables do not exist in spatial autocorrelation, 627 

so the spatial lag model (SLM) is not applicable. As shown in the fifth and sixth rows 628 

of the table, LM-Error and robust LM-Error tests reject the hypothesis that random 629 

errors do not have spatial autocorrelation, so the SEM should be used. Therefore, SEM 630 

is chosen in this study to explore the influencing factors of four CO2 emission ratios. 631 

Table 6 displays the regression outcomes of the SEM, with the R2 values for the four 632 

SEM models being 0.791, 0.817, 0.593, and 0.734, respectively. The “Lambda” 633 

represents the spatial lag coefficient for each ratio, which measures the strength of 634 



 

30 

 

spatial correlation. A larger “Lambda” indicates that the CO2 emission ratios of different 635 

transport modes are strongly influenced by the surrounding spatial units (i.e., 636 

townships). In all modes, “Lambda” values are highly significant, indicating a 637 

significant spatial correlation in the CO2 emission ratios of transportation. The 638 

explanation of the coefficients in models is detailed as follows. 639 

 640 

Table 6. Explanatory variables of four ratios 641 

 Car-Ratio Subway-Ratio Bus-Ratio Bike-Ratio 

Moran ‘I (error) 0.546  0.588  0.408  0.336  

LM-lag 11.2108*** 168.9346*** 42.63311*** 78.9342*** 

Robust LM-lag 0.079  5.1338* 14.3018*** 16.6434*** 

LM-error 358.9528*** 416.7026*** 200.2015*** 135.8577*** 

Robust LM-error 347.8214*** 252.9018*** 171.8721*** 73.5670*** 

R2 0.791  0.817  0.593  0.734  

CONSTANT 0.616  0.126  0.255  0.007  

Residence 0.008* -0.002  -0.004  -0.001*** 

Mall 0.037  -0.049  0.011  -0.004** 

Hotel -0.011  -0.002  0.014* 0.001** 

Factory 0.087** -0.125*** 0.030  0.001  

Bus station -0.193*** 0.064** 0.141*** 0.008*** 

School 0.036** -0.032** -0.005  0.001  

Office building -0.009  0.019  -0.010  -0.001  

Restaurant -0.007  0.003  0.005  0.001** 

Subway station 0.107  0.250  -0.389  -0.052*** 

POP  -0.290*** 0.229*** 0.028  0.025*** 

Trunk 1.261  -1.001  -0.494  -0.042  

Tertiary 1.813  1.029  -3.295*** -0.110* 

Secondary  -2.377* 3.092*** -1.052  0.168*** 

Primary 1.732  -0.945  -0.548  0.010  

Motorway -0.336  -1.932  2.418* -0.130  

Center-distance 0.000*** 0.000*** 0.000  0.000*** 

Land use diversity -0.024*** 0.014** 0.005  0.001* 

Lambda 0.783*** 0.818*** 0.653*** 0.671*** 

Note: ⁎⁎⁎, ⁎⁎, ⁎ indicate significance at the 0.99, 0.95, and 0.90 confidence levels, respectively. 642 

 643 
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According to Table 6, it is possible to obtain the important factors that have an 644 

impact on the CO2 emission ratio and to explain the heterogeneous effect of the same 645 

factor on the emission ratio of different transport modes. The three factors of “POP”, 646 

“Secondary”, and “Land use diversity” have significant negative effects on Car-Ratio, 647 

significant positive effects on Subway-Ratio and Bike-Ratio, and insignificant effects 648 

on Bus-Ratio. Similarly, Wang et al (2023) found that the population and economic 649 

variables have higher facilitation to the growth of CO2 emissions in GBA. At the same 650 

time, these factors affect Subway-Ratio to a greater extent than Bike-Ratio. In detail, 651 

the coefficient of population density (POP) is negative in the model of Car-Ratio, and 652 

it passes the significance test of 0.05. This shows that population agglomeration has an 653 

adverse impact on Car-Ratio. Densely populated areas usually indicate more traffic 654 

demand and congestion problems, resulting in low car usage, and in turn reduces the 655 

proportion of CO2 emission induced by cars (i.e., Car-Ratio). The coefficient of 0.229 656 

for “POP” in the “Subway-Ratio” model indicates a statistically significant positive 657 

relationship between population density and the CO2 emission ratio of subway usage. 658 

The increase in population density may lead to traffic congestion and further promote 659 

subway usage as a quicker and larger volume of travel option compared to other modes 660 

of transportation, leading to additional CO2 emissions from subways. In addition, the 661 

coefficient of “POP” for the “Bus-Ratio” and "Bike-Ratio" are 0.028 and 0.025 662 

(p<0.01), indicating the influence of population density on Bus-Ratio and Bike-Ratio 663 

is not great. The coefficient of “Secondary” in models of Car-Ratio and Subway-Ratio 664 

are -2.377 and 3.092 respectively. As the length of secondary roads increases, the CO2 665 

ratio of cars decreases, possibly reflecting the fact that longer roads may prompt greater 666 

use of public transportation options, such as the subway, to reduce the use of personal 667 

automobiles. In the result of the Car-Ratio model, the influence coefficient of land use 668 

diversity is -0.024. This result suggests that an increase in land use diversity has a 669 

negative impact on Car-Ratio. It may be that the increase in land use diversity means 670 

that there are more types of land within the township, including commercial areas, 671 
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residential areas, parks, and green spaces. This diversity may encourage the adoption 672 

of sustainable transport modes, such as walking, cycling, and public transport, thereby 673 

reducing the need for and use of cars, which in turn reduces CO2 emissions. 674 

Unlike the results of SEM, which assigns single coefficients to each variable, 675 

SHAP provides a more nuanced analysis by capturing non-linear relationships between 676 

variables and emission ratios. It also accounts for interactions between variables, 677 

offering a deeper understanding of how these factors combine to influence outcomes. 678 

Additionally, SHAP can detect specific thresholds where variables significantly change 679 

their impact, revealing insights that may be missed by SEM’s linear coefficients. 680 

Specifically, Figure 8 shows the SHAP value distribution of the explanatory variables, 681 

with each dot representing the value of a township in GBA. Each dot is colored 682 

according to the variable’s value in a particular township, with blue representing a lower 683 

value and red representing a higher value. If the variable is associated with a decrement 684 

in the estimated income, the dot will be shown on the left side of the figure, indicating 685 

that the variable has a negative SHAP value (and vice versa). The heterogeneity of the 686 

effects of the same variable on different ratios can be seen in Figure 8 in two ways. One 687 

is the difference in the ordering of importance. For example, the order of the variable 688 

“Centre-distance” in the four subfigures is 3rd, 4th, 6th, and 6th respectively. The other 689 

is that although the same variable has the same ordering in the plots of the four ratios, 690 

the trend of the impact is different. In detail, the SEM residuals are ranked first in all 691 

four subfigures, but their scatter distributions have different trends. Moreover, Figure 9 692 

shows the specific effect of Centre-distance on the four ratios. As can be seen from the 693 

figure, these subfigures have different trends, and the corresponding threshold effects 694 

will be different. Specifically, in Figure 9(a) as the value of the horizontal coordinate 695 

increases, its effect on Car-Ratio first increases and then levels off. This corresponds to 696 

a trend change threshold of approximately 50. Similarly, the thresholds in Figures 9(b)-697 

(d) are about 60, 40, 60 respectively. These findings can provide some basis for 698 

differentiated policy development for different travel modes in a low-carbon context. 699 
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 700 

 701 

Figure 8 The SHAP value indicating the contribution of individual explanatory 702 

variables to four ratios  703 

 704 

 705 
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Figure 9 Scatterplot of the effect of Centre-distance on four ratios 706 

4.4Spatiat Stsirar    tiarsSroSCO2S iaiiarsStiS aoo   siSiatiat Siat  i 707 

By integrating the township-level data, Moran’s I index of the four ratios at the 708 

district level and the city level is further calculated, as detailed in Table 7. The results 709 

show that Moran’s I index of the four ratios at different scales changes considerably. 710 

From township to district to city, the significance of Moran’s I index becomes less and 711 

less. Moreover, the positive and negative values of Moran’s I index change due to the 712 

change in spatial scale. For example, Bus-Ratio and Bike ratio become negatively 713 

correlated at the city level scale. Additionally, Moran’s I index for Car-Ratio and 714 

Subway-Ratio at the city level is 0.218 and 0.330, respectively. These values are similar 715 

to the findings of Wang et al. (2023), which reported that the transport emission Moran’s 716 

I index for 11 cities in the GBA fluctuates between 0.27 and 0.3. 717 

Figure 10 illustrates the global Moran’s I scatterplots at the district level. By 718 

comparing the results in Figure 6 at the township level, Moran’s I index for all four 719 

ratios becomes smaller after aggregating the township into the district scale. In 720 

particular, Moran’s I index corresponding to Bus-Ratio changes from 0.706 (p<0.01) to 721 

0.220 (p<0.1). Specifically, the spatial clustering of each ratio at the district level is 722 

demonstrated in Figure 11. Comparing the spatial clustering maps in Figure 6 at the 723 

township level and in Figure 11 at the district level, the results show that the main H-724 

H, H-L, L-H, and L-L areas remain unchanged after the spatial scale of the study is 725 

expanded, but many details are lost. 726 

 727 

Table 7. Global Moran’s I of ratios at different spatial scales 728 

 729 

 730 

 731 

 732 

Type Township Level District Level City Level 

Car-Raio 0.883*** 0.659*** 0.218 

Subway-Raio 0.886*** 0.776*** 0.330 

Bus-Raio 0.706*** 0.220* -0.200 

Bike-Raio 0.776*** 0.529*** -0.267 
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 733 

Note: ⁎⁎⁎, ⁎⁎, ⁎ indicate significance at the 0.99, 0.95, and 0.90 confidence levels, respectively. 734 

 735 

 736 

Figure 10. Global Moran’s I scatterplots at the district level 737 

 738 



 

36 

 

 739 

Figure 11. LISA at the district level 740 

 741 

There may be several reasons why Moran’s Index of the ratio of CO2 from the four 742 

transport modes is most significant at the township level. First, there may be significant 743 

spatial differences in the distribution of transport modes across townships, e.g., 744 

downtown areas may prefer subways and buses, while suburban areas may prefer 745 

driving and cycling. Such differences in spatial distribution can lead to increased spatial 746 

correlation in the ratio of transport modes. Second, each township may have different 747 

characteristics in terms of transport facilities, road networks, and population density, 748 

and these factors can have an impact on the choice and share of different transport 749 

modes. In contrast, district and city-level data integrate a larger area where regional 750 

characteristics may be more evenly distributed, resulting in a weaker spatial correlation 751 

of transport mode shares. Third, there may be a degree of averaging and blending effects 752 

when data are aggregated from the township level to the district or city level, leading 753 

to a weakening of the spatial relevance of the transport mode share. Fourth, studies at 754 

the township level are closer to the local scale, and the smaller spatial scale allows for 755 

more consistency and correlation in the transport mode share. On the other hand, studies 756 

at the district and city levels are closer to the overall scale, covering a larger spatial area, 757 
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and may have more spatial variability and heterogeneity. This results in a weaker spatial 758 

correlation of CO2 emissions ratios of four transport modes. 759 

In addition, it is worth noting that the spatial autocorrelation of the emission ratios 760 

of the four transport modes varies to different extents at different spatial scales. As the 761 

spatial scales converged from township level to district level, the smallest change was 762 

Subway-Ratio (from 0.886*** to 0.776***) and the largest change was Bus-Ratio 763 

(from 0.706*** to 0.220*). When spatial scales converge from township level to city 764 

level, the smallest change is still in Subway-Ratio (from 0.886*** to 0.330), and the 765 

largest change is in Bike-Ratio (from 0.776*** to -0.267). The relatively stable spatial 766 

autocorrelation of the subways at different spatial scales may be related to their long-767 

distance traveling tasks in the urban transport network. The subway system usually 768 

connects different areas of a city and provides fast and efficient transport services, 769 

which are suitable for long-distance commuting and inter-regional traveling. On the 770 

contrary, the spatial autocorrelation of bikes is relatively unstable at different spatial 771 

scales, probably because bikes mainly undertake short-distance traveling tasks. Bikes 772 

are usually used to solve the last-mile problem in cities, i.e., the demand for short-773 

distance travel from public transport stations to destinations. As cycling trips are 774 

affected by factors such as terrain, road conditions, and parking facilities, the 775 

distribution of cycling use is more dispersed and diversified, resulting in relatively 776 

unstable spatial correlations at different spatial scales. 777 

5. Daiasiiarsi 778 

A spatial perspective study on CO2 emissions from various modes at the fine-779 

grained street level within urban agglomerations has not existed before. Unlike previous 780 

studies that predominantly focused on the transportation sector as a whole or on 781 

individual modes, our study focuses on the CO2 emission from cars, subways, buses, 782 

and bikes at the township level and explores multiple modes’ patterns and influencing 783 

factors from a spatial perspective, thereby addressing a critical gap in the literature.  In 784 
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detail, the innovations of this study are primarily reflected in the following aspects. (a) 785 

Comparative spatial analysis of multiple transport modes: Unlike previous studies that 786 

have primarily focused on quantitative comparisons of carbon emissions, this research 787 

offers a novel perspective by conducting a comparative analysis of the spatial 788 

distribution of CO2 emissions across different transportation modes within the same 789 

region. (b) Fine-scale analysis in urban agglomerations: This study is pioneering in its 790 

examination of transportation-related carbon emissions at a fine-grained level, such as 791 

the street scale, within a large urban agglomeration. Previous research has not explored 792 

carbon emissions at such a detailed spatial scale across a wide city cluster. (c) 793 

Integration of Spatial econometric and machine learning models: The study introduces 794 

a unique methodological framework that combines spatial econometric models with 795 

machine learning models. This integration allows for the simultaneous exploration of 796 

spatial relationships and nonlinear interactions, offering a more comprehensive 797 

understanding of the factors influencing carbon emissions in urban transport systems. 798 

6. Pr aaySaia aatiarsi 799 

The findings of this study can provide some policy insights for local and 800 

international practices to promote CO2 emission reduction and achieve carbon 801 

emissions peaking at an early date. 802 

Firstly, in terms of the spatial distribution of the emission ratio for the single 803 

transport mode, it can be seen that the spatial pattern of the CO2 emission ratio varies 804 

for each transport mode. The average value of the ratio of CO2 emissions from car travel 805 

(i.e., Car-Ratio) in the total CO2 emissions generated by the four transport modes is 806 

0.60. Meanwhile, the LISA plot shows the townships where Car-Ratio shows an H-H 807 

clustering, which should be a key area of focus for government administrators. It should 808 

be noted that townships with H-H clustering in Car-Ratio are likely to have total 809 

transport carbon emissions that are not very high. By comparing Figure 6(a) with C-1 810 

in Appendix C, townships with high Car-Ratio and total carbon emissions are the 811 
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primary targets for reducing transport carbon emissions, which can be set up as the 812 

“Carbon Reduction Pilot Zone” in the GBA. Therefore, the important step is to reduce 813 

the CO2 emissions from car trips in these Zones by reducing the cars’ own emissions or 814 

increasing the use of other modes. On the one hand, regulators can provide new energy 815 

subsidies to change the power type of cars to reduce CO2 emissions in the “Carbon 816 

Reduction Pilot Zone”. On the other hand, low carbon travel incentives or car 817 

congestion pricing could then be implemented in the “Carbon Reduction Pilot Zone” to 818 

promote a shift in car travelers to lower carbon transport modes (e.g., subways, buses, 819 

and bikes). 820 

Secondly, from Moran’s I index and LISA plots of CO2 emission ratios for multiple 821 

pairs of transport modes, there is a positive spatial correlation between any two of the 822 

three modes (i.e., subway and bus and bike) in the GBA. This result spatially illustrates 823 

that subway, bus, and bike are not exactly in competition, but are generally seen to be 824 

in a combined relationship. This discovery can provide a basis for the implementation 825 

of Mobility as a Service (MaaS) systems in the GBA areas. The core idea of MaaS is to 826 

integrate various transport modes (such as public transportation, taxis, bike-sharing, 827 

walking, etc.) into a single platform to provide user-customized travel planning, 828 

booking, payment, and information inquiry services through an app, which helps reduce 829 

private car use. It has been shown that MaaS could shift users’ mobility behavior toward 830 

more sustainable transport modes (i.e., from private and low-capacity modes to public 831 

transport) (Hasselwander et al., 2022). Managers can integrate more modes of 832 

transportation in areas where multi-modal integration is already occurring to increase 833 

the efficient use of public transportation to replace more private vehicle trips and 834 

enhance connectivity between modes of transportation in areas where modal integration 835 

is not yet occurring. Moreover, the findings suggest that population density, road length, 836 

and land use diversity are the key drivers of CO2 emission ratios, and the same factor 837 

has different directions and degrees of influence on the emission ratios of different 838 

modes. For example, land use diversity has significant negative influences on Car-Ratio, 839 
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significant positive influences on Subway-Ratio and Bike-Ratio, and insignificant 840 

influences on Bus-Ratio. Encouraging diverse land use patterns can be effective in 841 

reducing the proportion of car emissions while increasing the proportion of subway and 842 

cycling. Governments should prioritize zoning policies that favor mixed-use, 843 

integrating residential, commercial, and recreational spaces within communities. Such 844 

an approach not only reduces reliance on cars but also promotes active modes of 845 

transport like cycling and walking, contributing to sustainable urban mobility.  846 

Thirdly, urban planning and transportation policies should be tailored to specific 847 

local contexts. In this study that focuses on the emission of cars, subway, buses, and 848 

bikes, the findings at the township level reveal that different townships exhibit similar 849 

trends in transport mode choices, suggesting that targeted and focused approaches can 850 

be employed to address transport emissions at smaller spatial scales. However, as data 851 

is aggregated to larger administrative levels such as districts and cities, the influence of 852 

spatial heterogeneity becomes more prominent, necessitating more flexible strategies 853 

to accommodate diverse regional needs. Urban agglomerations involve many cities and 854 

administrative regions, and the management of CO2 from transport modes requires 855 

cross-boundary cooperation, enhanced information sharing, and policy coordination. In 856 

addition, results demonstrate that the spatial correlation of CO2 from different transport 857 

modes varies across different spatial scales. Among the four transport modes, the spatial 858 

autocorrelation of Subway-Ratio is relatively stable across scales, while the spatial 859 

autocorrelation of Bike-Ratio is the least stable. Therefore, when conducting transport 860 

emission studies, careful consideration should be given to the choice of spatial scale, as 861 

it can affect the interpretation of results and the formulation of policy recommendations. 862 

Finally, the findings based on GBA offer the following policy insights for other 863 

countries. (a) The study highlights the importance of balancing private vehicles with 864 

public transit. Other countries can learn from this by enhancing the appeal and coverage 865 

of public transportation to reduce private car use and lower carbon emissions. (b) The 866 

GBA study demonstrates the value of coordinated regional planning. By adopting 867 
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unified policy frameworks and coordinated transportation planning, cities can achieve 868 

more efficient resource allocation and better carbon emission management. This 869 

approach can serve as a reference for other countries with similar urban clusters. (c) 870 

The study suggests that a detailed analysis of various transportation modes and their 871 

carbon emissions can lead to more targeted policies. For example, stricter emission 872 

standards or greater financial support in high-emission areas may effectively control 873 

and reduce traffic-related carbon emissions. Other countries can develop similar fine-874 

tuned policies based on their specific circumstances. 875 

7. Crsa siarsi 876 

Unlike previous studies that focused on CO2 emissions from an individual 877 

transport mode or the whole transport system, our study focuses on multiple transport 878 

modes to explore the environmental dimension of sustainable transport systems from a 879 

spatial perspective, which is based on the CO2 emission of 630 townships in the GBA. 880 

Specifically, we reveal the spatial clustering or dispersion of CO2 ratios from different 881 

transport modes by applying the univariate Moran's I index. In addition, we reveal the 882 

spatial interactions and correlations between different transport modes using the 883 

bivariate Moran's I index. Furthermore, we applied SEM to explore the effects of 884 

various factors on different CO2 emission ratios, which can consider spatial dependence 885 

and spatially lagged variables. Through SEM modeling, we uncover the factors 886 

influencing the transport of CO2 emissions and understand their spatial mechanisms. 887 

Subsequently, the interpretable machine learning models are used to further reveal the 888 

nonlinear relationships. In addition, we expand the scale of the study to examine the 889 

spatial correlation of transport CO2 emissions at districts and city levels. The results 890 

show that. Moran's I indices for Car-Ratio, Subway-Ratio, Bus-Ratio, and Bike-Ratio 891 

are 0.883, 0.886, 0.706, and 0.776 respectively. In addition, the results demonstrated 892 

spatial interdependencies and correlations between different transport modes, 893 

especially the subway and car with a Moran's I index of -0.798 and the subway and bike 894 
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with 0.570. This is one of the key findings of our study and the spatial relationship 895 

between CO2 emissions from different modes has not been quantified in previous 896 

literature. The R2 of SEM for the CO2 ratios of the four transport modes is 0.791, 0.817, 897 

0.593, and 0.734 respectively. Population density, Primary, and Land use diversity are 898 

among the key drivers, and population agglomeration has an adverse impact on Car-899 

Ratio. The results of interpreterable machine learning models show that even when a 900 

variable maintains the same order of importance in the subfigures, its effect on the CO2 901 

emission ratios can show different trends.  In addition, the results showed variations in 902 

spatial patterns and heterogeneity of CO2 across different geographic scales, which can 903 

complement the findings of previous studies based on the single geographic scale. 904 

These insights can inform urban planners, policymakers, and transportation authorities 905 

in developing targeted strategies to reduce CO2 and foster more sustainable and 906 

environmentally friendly transportation systems.  907 

While our study made an understanding of the spatial characteristics and 908 

influencing factors of CO2 from multiple transport modes, several limitations should be 909 

acknowledged. Our study primarily focused on the spatial aspects of CO2 from 910 

transportation. However, the temporal dynamics, such as daily and seasonal variations, 911 

were not explicitly considered in this analysis due to a lack of data. Incorporating 912 

temporal variations and trends could provide a more comprehensive understanding of 913 

CO2 dynamics and inform time-sensitive policy interventions. In addition, our study 914 

focuses on the environmental dimension of sustainable transportation based mainly on 915 

CO2 emissions and lacks further exploration of the social and economic dimensions. In 916 

the future, the social dimensions of sustainable transportation in terms of accessibility 917 

to employment, spatial equity, community cohesion, safety, transportation variety, etc., 918 

can be explored based on obtaining relevant data. Regarding the economic dimension 919 

of sustainable transport, it is necessary to further obtain the relevant data on travel time, 920 

travel cost, and indirect transportation cost for users, etc., for research in the future. 921 

Moreover, this study finds that the spatial autocorrelation of the emission ratios of 922 
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different transport modes (i.e., car, subway, bus, and bike) at different scales varies 923 

tremendously, which can be further explored in the future by combining the actual 924 

traveling information of the residents, especially the traveling distance and traveling 925 

frequency. 926 
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 933 

 Figure A-1. Global bivariate Moran’s I scatterplots of CO2 emission ratios 934 
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Table B-1 VIF result of explanatory variables in SEM 936 

Variables VIF 

Residence 5.319 

Mall 3.883 

Hotel 3.282 

Factory 1.400 

Bus station 5.095 

School 2.155 

Office building 6.453 

Restaurant 8.573 

Subway station 6.469 

POP  2.234 

Trunk 4.612 

Tertiary 2.505 

Secondary  2.421 

Primary 5.046 

Motorway 1.439 

Center-distance 1.580 

Land use diversity 1.416 
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 938 

Figure C-1 Spatial distribution of total CO2 emissions of four modes (unit: kg) 939 
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