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Abstract

:

Mobility plays a critical role in promoting rural development. However, the current knowledge regarding the factors that influence mobility between rural towns is limited. The objective of this study is to explore the impact of administrative division and regional accessibility on rural mobility to inform development policies and strategies. The administrative division is demarcated by district and city boundaries, and regional accessibility is assessed using various modes of transportation, including cars, high-speed railways (HSRs), and intercity commuter railways (ICRs). A flow-based geographically weighted regression (FGWR) method is employed based on mobile phone signaling data to quantify the associations and identify the local effects of these factors in the Pearl River Delta (PRD). The findings suggest that both administrative division and regional accessibility significantly influence rural mobility. Specifically, the effects of district boundaries on commuting mobility are more pronounced in the central areas along the Pearl River, while the effects of city boundaries on non-commuting mobility between the core area and surrounding regions are more significant. With regard to regional accessibility, cars are the preferred mode of transportation for connections between the core areas of cities along the Pearl River, whereas HSR is favored more for non-commuting trips between the northwest and center regions. This study provides novel empirical insights into the understanding of rural mobility and has significant implications for promoting regional integration.
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1. Introduction


The key objective of the World Bank’s rural transport and travel initiative is to promote rural sustainable development across the world [1]. Accordingly, the feature targets of the United Nations Sustainable Development Goals (SDGs) 2030 agenda aim to develop rural transport [2], which, largely owing to the population flows, has the potential to drive economic growth and enhance the living standards of rural communities, reducing the risk of social marginalization [3,4]. These efforts align with the overarching goals of the SDGs and underscore the importance of mobility as a component of sustainable development.



Rural mobility, which refers to the daily movement of the population between towns in rural areas in this study, plays a fundamental role in fostering social and economic outcomes and is closely related to poverty, low life quality, and social exclusion [5]. As such, it is necessary to investigate factors such as accessibility and administration. Accessibility can be defined as the potential for interaction opportunities and can be understood as “the advantages provided by a land use and transportation system” [6]. The difference in accessibility between highly urbanized areas and rural environments is noticeable. Although urban areas typically benefit from easy access to goods and services [7], rural areas often encounter challenges such as remote shopping centers and insufficient public transportation [8]. The limited availability of local resources for shopping, healthcare, and other essential needs in rural areas, resulting from factors such as long distances, poor traffic conditions, and a lack of job opportunities and services, can lead to poor regional accessibility [9,10]. In addition, the frequent movement between different spatial units, even across administrative boundaries, is becoming increasingly prevalent in rural areas for work, leisure, and tourism [11,12]. The improvement in transport infrastructure, such as the expansion of high-speed railways and village-to-village road projects, has significantly advanced regional accessibility and stimulated population movement across administrative divisions. In fact, administrative division estimates the differences in terms of institutions and management, and it matters if they are a part of the same administrative division [13]. As a result, it is essential to examine the impact of administrative division and regional accessibility on rural mobility, as this knowledge can provide valuable insights for policy interventions aimed at promoting rural development.



There is growing interest in mobility, with a shift in focus from urban to rural areas at various scales. From a research perspective, studies have utilized individual-level data based on various spatial units, such as sub-district, census tract, traffic analysis zone, and 100–500 m buffer levels, to shed light on human mobility patterns [14]. Some other literature understands urban mobility from the perspective of links shaped by multiple interconnections between spatial units at different scales, ranging from the global scale of world city networks [15,16] to polycentric metropolitan regions [17,18] and single city scope [19]. Recently, increasing levels of attention have been paid to rural mobility, most of which focus on individual-level mobility in rural areas and ignore the flows between rural towns. In addition, the existing research content on rural mobility mainly focuses on mapping rural networks of flow [20], describing formations and changes in patterns. Few efforts have been made to explore the associations of various factors with rural mobility and reveal the mechanisms.



Although various factors have been investigated in different cases in rural areas, some targeted factors need further investigation. Generally, mobility-related research extracts indicators from the built environment and social economics at an individual level or household level [21]. Specifically, individual factors include age, gender, education level, income, and so on [22,23,24]. At the area level, housing expenditure and employment in rural areas play an essential role [23]. Moreover, many studies have explored the built environment using attributes such as 3Ds (density, diversity, and design), street connectivity, and transit accessibility [25]. Studies have acknowledged the importance of transport conditions for rural communities, while metrics used to quantify rural transport infrastructure vary [22]. Furthermore, rural mobility is not only influenced by respective location-based factors but also influenced by flow-level factors such as transport routes, topological relations, and administrative divisions [26]. The flow-based factors are key determinants of rural mobility and include distance and time spent between two towns, as well as whether they are within the same administrative division. In addition, individual mode choice behaviors differ by trip purposes [27], and motivations vary for commuting and non-commuting. Commuting trips are generally stable trips both temporally and spatially, while non-commuting trips can be flexible in terms of the choices of time of day, modes, and destinations [5,28]. Intercity flows at different times have different, even reversed, driving factors [29,30,31]. Hence, some planning policies based on the travel model should be made considering the different factors of commuting and non-commuting trips in rural contexts [32].



Acquiring and analyzing data presents a challenge for researchers to study rural mobility. Traditional methods of data collection, such as interviews and questionnaires, are often criticized for their inadequate quantity, precision, and inconclusive results, despite the significant human and material resources invested in them. However, the emergence of big data, particularly mobile phone signaling data with location information, has provided a solution. Additionally, dealing with complex data requires the use of appropriate methods. We employ a geographically weighted regression (GWR) model to analyze mobility factors considering spatial interactions and socioeconomic system heterogeneity. Given that rural mobility flows take the form of line segments representing origin and destination, ordinary GWR models are improved to be flow-based geographically weighted regression (FGWR) approaches by using algorithmic transformation.



In short, there are still some shortcomings to address. Rural mobility usually is investigated on an individual level, less attention is paid to flows between rural towns, and some targeted factors are neglected for rapidly urbanizing rural areas. To fill these gaps, this paper applies an FGWR model based on a set of mobile phone signaling data to conduct an analysis of 612 rural towns in the Pearl River Delta (PRD). Our purpose is to explore the impact of administrative division, regional accessibility, and other factors on rural mobility, quantifying the local effect of each variable. We seek to contribute to the field from three aspects. Firstly, this paper investigates mobility between towns in rural areas and compares the difference between commuting and non-commuting. Secondly, we adopt analytical techniques of a flow-based geographically weighted regression (FGWR) model based on mobile signaling data, accounting for spatial heterogeneity for more accurate estimates. Thirdly, we optimize our analysis by incorporating targeted variables such as administrative division, land use structure, and dialect, which are crucial in area integration development.



The rest of this paper is organized as follows: Section 2 introduces the variables, data source, and methods. Section 3 displays the findings. Section 4 discusses some interesting and important results. Section 5 gives a conclusion for this paper.




2. Materials and Methods


2.1. Study Area and Dependent Variable


The Pearl River Delta (PRD) area, one of three premier megaregions in China, lies in the Guangdong Province in the south of China (Figure 1). The PRD has a total land area of 42,200 km2 and a population of 78.61 million in 9 prefecture-level cities. Guangzhou has the largest permanent population in PRD with 18.8 million people. There are 17.68 million people in Shenzhen, 10.53 million people in Dongguan, and 9.61 million people in Foshan [33]. The 9 cities in the PRD are closely connected, with a straight-line distance of fewer than 200 km, and can be reached within 3 h by driving. The longest driving distance is 218.9 km from Shenzhen to Zhaoqing, and the shortest driving distance is from Guangzhou to Foshan.



In early 2019, an official Outline Development Plan was issued, aiming at a more integrated level of development. Rural areas are an important part of the PRD, accounting for more than two-thirds of the whole area. The provincial government proposed to “promote the integration of towns and villages”, construct “characteristic towns”, and build a world-class urban agglomeration in the PRD. Town economy has developed greatly in Guangdong in recent years, which boosts rural revitalization and achieves common prosperity through transport infrastructure connectivity and equalization of public services. Among all towns, there are 142 characteristic towns in Guangdong province, including ecotourism types, fashion and creative types, emerging industry types, and historical and cultural types, covering many streets and towns. The top three by amount are Foshan (31), Guangzhou (21), and Meizhou (10). The PRD has rich samples of villages and towns with a high degree of integration and close regional ties. It is an opportunity to study the inter-town flows.



The dependent variable was indicated by the total frequency of population flow between towns. The flow data were extracted from a large set of mobile phone signaling data provided by China Telecom, one of three mobile communication operations in China. Its customers account for 20% of the population, and the representative dataset included information on the estimated locations of each cellphone user during April 2018. There are more than 12 million commuters distributed in 612 rural towns from 60 sub-cities of the Pearl River Delta (PRD) area. Since the original geographical resolution of data is 500 m, we aggregated the flow data by rural town divisions. This study used the external linkages from or to other rural towns to measure the strength and change in population flows. There are a total of 1,518,068 flows from 17,205 pairs of connected towns, and we omitted 11,185 pairs, which are 0, to obtain 6020, including 3157 for commuting and 2863 for non-commuting (Figure 2).




2.2. Independent Variables and Data


According to the research objectives, independent variables at a town level were related to the built environment and socioeconomics from domains of population characteristics, economic development, traffic conditions, flow-level social data, and accessibility variables. Specifically, the population characteristics included age (proportion of population aged 15–64), gender (proportion of male population), population density (residential population/regional area). The data were obtained through preliminary calculation through the direct data of the sixth national census [33]. Economic development data included average house price and land use structure (the proportion of agricultural land in the total land area). To establish house price patterns, a process of crawling the point price within the town was conducted on the website: https://lianjia.com/city/ (accessed on 20 October 2019), and then, we calculated the average housing price by weighted average. The land use data came from the statistical yearbook of land and resources of Guangdong Province in 2015.



At the flow level, the dialect difference was referred to in the chronicles of Guangdong Province. According to the dummy variable assignment, the same dialects between the two places were set as 1, and the different dialects were set as 0; the boundary was divided into the district boundary and urban boundary. According to the assignment rules, the same district (city) was set to 1; otherwise, it was set to 0, and the data came from Baidu map. HSR and ICR indicate the frequency of connecting the two towns and were obtained from the railway information website: https://www.12306.cn (accessed on 20 October 2019). Car driving accessibility was indicated by the time of driving from the starting point to the destination obtained from Baidu map. The data statistics of each variable are shown in Table 1.




2.3. Methods


Distance has a significant impact, following the first law of geography that “near things are more related than distant things” [34,35]. Previously, the common method used to study the factors influencing travel behavior was a linear regression model, such as ordinary least squares (OLS) regression, logistic regression, probit regression model, discrete selection model, structural equation model, etc. These methods have validated the correlation between many factors and travel behavior, while the spatio-temporal variation in the relationship has not been precisely identified.



Considering mobility spatial non-stationarity in spatial interaction models, geographically weighted regression (GWR) has become one of the most popular methods. GWR methods allow for conditionalities between the response (causal) variables and changes in explanatory variables at different spatial scales. The flow-based geographically weighted regression (FGWR) method takes into account the interaction between flows; it was improved based on ordinary GWR, and the difference is that the spatial weight matrix is constructed by calculating the distance of the flows to estimate the parameters.



Firstly, when taking flow as the normal point, ordinary GWR modeling can be expressed as:


   Y p  =  β 0     u p  ,  v p    +   ∑   k = 1  n   β  p k      u p  ,  v p     X  p k   +  ε p   



(1)






   X p  =    X  p i   −  X  p j      



(2)







In Equation (1), where    Y p    is a dependent variable indicating the p-th flow,    X  p k     represents the k-th independent variables on flow p, and n is the number of independent variables; here, n = 1, 2, 3, ……, 12.    β 0     u p  ,  v p      is the constant term related to the spatial position of flow p, whose coordinate is      u p  ,  v p     .    β  p k      u p  ,  v p      is the coefficient of the k-th independent variable on flow p, and    ε p    is the random disturbance. In Equation (2), the OD of flow p is i and j, respectively. It should be mentioned that location-based indicators of the origin and destination simultaneously have an influence on rural mobility flow. So, we use the absolute value of the difference (   X p   ) between the variable of O (   X  p i    ) and D (   X  p j    ) to measure the independent variables (Equation (2)). We mark the variables in the operational model with the symbol “Δ” before the original variable (Table 2).



Secondly, when solving the coefficient,    β q     u p  ,  v p    ,   of spatial weight,     ω  p q    , we need to determine the bandwidth calculation method. Considering the fact that the flow in the same city or along the same route greatly interacts, the flow exceeding a specified critical distance will almost not have any effect on the calculation of the target flow. Adaptive bandwidth aims to search for the optimal number of nearest flows, which are used to determine the distance,    D p   .


   ω  p q   =           1 −        d  p q      D p       2     2  ,     i f    d  p q   ≤  D p                      0 ,                               i f    d  p q   >  D p        ,  



(3)







In Equation (3), where    d  p q     is the distance function to estimate flow p and q.    D p    is the bandwidth, which indicates the optimal threshold distance. The evaluation standard for the optimal bandwidth is calculated by the AIC criterion. The AIC criterion can avoid over-fitting the model, and the smaller the AIC value, the better the model result.



Thirdly, in contrast to the distance between points, the distance between two flows is determined by the coordinate of OD. Here, if the OD of flow p and q are i, j and i’, j’, respectively, their coordinates are p(xi, yi), q(xj, yj), then the Euclidean distance,    d  p q    , is measured as Blainey and Preston [36] proposed in Equation (4):


   d  p q   =        x i  −  x  i ′      2  +      y i  −  y  i ′      2  +      x j  −  x  j ′      2  +      y j  −  y  j ′      2     



(4)







Using Equations (3) and (4), we can obtain the spatial weight matrix and use ArcGIS 10.2 to run the FGWR model.





3. Results


This study firstly used global regression to quantify the total effect of factors on commuting and non-commuting, then FGWR was applied to explore the spatial distribution of the impact, that is, the local effect. Table 2 shows the results of the ordinary regression model for rural mobility. From the model fitting effect, by comparing the results with the ordinary least squares (OLS) method, the fitness of the FGWR model shows that it not only has a better log-likelihood value but also reduces the AIC and BIC. The value of log-likelihood is much larger, and AIC and BIC are smaller. This suggests that the FGWR model has higher performance and higher explanatory power than the general regression model, and the results of GWR have credibility.



In the ordinary regression model, it can be seen from Table 2 that the independent variables of socioeconomic factors seem to be not so significant, and the corresponding estimated coefficients of flow-based variables are mostly found to be statistically significant [37]. For the flow-based level between rural towns, administrative division and regional accessibility have significant heterogeneous effects on rural mobility. In Model 1, the variables of dialect (p < 0.1), district boundary (p < 0.01), urban boundary (p < 0.1), and car accessibility (p < 0.01) are significant. In Model 2, housing price (p < 0.05), district boundary (p < 0.01), and HSR (p < 0.05) are significant. This is generally consistent with our previous hypothesis, which shows that administrative division and regional accessibility have a significant effect on rural mobility.Then, FGWR was used to explore local effects, and the results of FGWR were mapped. Here, we highlight some important variables. The results show that the effect of administration division on rural mobility is more significant in non-commuting than in commuting. As depicted in Figure 3, the significance of the administration division on rural mobility is most pronounced in the center regions of Guangzhou, Foshan, and Dongguan, as well as their connections with western areas in terms of commuting mobility. Conversely, the district boundary has a greater impact on the mobility between Dongguan and Zhaoqing in the case of non-commuting. With respect to the urban boundary, the effects of it on rural mobility in the Guangzhou–Foshan community exhibit a disparity between the northern and southern areas. Specifically, for commuting mobility, the more substantial connections are located in the southern areas, while the significant links are situated in the north for non-commuting mobility.



Taking dialect as the test variable, we found that the coefficient is significantly positive, showing that communication between two towns is closer where the dialects are the same. Specifically, the commuting links of rural mobility exhibit greater significance within the region encircling the Pearl River., while the links across the east and west are more significant for non-commuting links (Figure 4).



For regional accessibility, car accessibility is negatively associated with mobility, that is to say, the less time used, the more links in the two towns. The key distinction lies in the fact that Foshan-Dongguan region displays greater connectivity with eastern regions in terms of daily commuting, while it exhibits a greater degree of connectivity with western regions for non-commuting purposes. (Figure 5). For commuting, cars play a more important role along the Pearl River, where the economy is relatively more developed and thereby more jobs is provided.



Similarly, for commuting, HSR is significantly positive between core cities along the Pearl River, while it is more significant in connections between the northwest and center regions for non-commuting (Figure 6). In the vast rural areas, Foshan–Dongguan–Zhongshan are relatively developed towns, which are also employment centers with a cross-district commuting distance beyond urban public transport and private car. HSR is a regular way to fill this gap for business trips and working purposes. By comparison, the non-commuting links are dominant in the northwest, which owns rich ecological and natural tourism resources.




4. Discussion


4.1. Local Effects of Administrative Division on Rural Mobility


Administrative division serves as a fundamental mechanism for regional control and governance in China. As a representation of spatial power [38], it plays a key role in shaping the economic and social management of rural areas. The impact of administrative division on human mobility, particularly rural mobility, is significantly affected by mechanisms such as the hukou system. The study of the border effects of administrative division on rural mobility is of great importance for urban planning and management.



In this work, the terms “district boundary” and “urban boundary” are utilized to denote the administrative division. These designations serve as useful indicators of the spatial delimitation of political power in the study area. The results of the flow-based geographically weighted regression (FGWR) analysis indicate that, as hypothesized, both district boundaries and city boundaries exert a positive influence on rural mobility. However, the effect of city boundaries on rural inter-town mobility is less pronounced, suggesting that the impact of administrative division on rural mobility is more pronounced within the same administrative region. Furthermore, this study finds that in remote rural areas, the lower level of administrative power, which is represented by district boundaries, has a more direct and tangible impact on the activities of farmers. These results are different from Zhang et al. [39] who argue that the constraint of administrative boundaries is dissolving. This phenomenon can be attributed to the interconnectedness between cities through the exchange of multiple resources. In contrast, rural towns are characterized by a pronounced disparity between different administrative levels, leading to a reliance on more advanced regions as a source of resources for the local population.



Dialect is a kind of culture, and if the dialects of two places are different, it may indicate a kind of regional difference and social barrier, which can be taken as an invisible boundary. It is interesting that dialects still play an important role in regional integrated development. This result confirms the important role of social culture in rural mobility and verifies the existing research [40].




4.2. The Local Effects of Regional Accessibility on Rural Mobility


Transportation interconnection plays an important role in regionalization, reducing developmental disparity, and achieving common prosperity [41]. It connects villages and towns in inter-town rural mobility and affects regional accessibility. The FGWR model gives a local and accurate degree of influence. Car accessibility is negatively associated with mobility, that is to say, the less time used, the more links in the two towns. Given the poor physical transportation, distance is a more important factor than municipality boundary, and the mobility between villages and towns that are relatively far away despite belonging to the same municipality can be hindered. As a result, the distance between villages and towns is generally greater than that of a bicycle, and a car is generally the most appropriate mode choice; therefore, the higher the accessibility by car, the stronger the connection between the two places. Table 2 supports our point of view.



There are more significant links which connect north and central areas for non-commuting. Our findings suggest that Guangzhou appears to play a more central role, which is consistent with Yeh et al. [42]. These results indicate that the employment density is high in areas of Guangzhou–Foshan–Dongguan, suggesting that the development of intercity transport infrastructure, such as intercity commuter rails, may play an important role in shaping the configuration of two existing regional cores (Guangzhou-led). However, the third core (near Zhuhai) does not seem to have met expectations of the outlined Development Plan, and more connected railways and other transport facilities can be built in the future.




4.3. Other Controlling Variables and Rural Mobility


China’s rural areas are undergoing a process of rapid urbanization, which is having a profound impact on the mobility of its inhabitants. Land use structure, especially the ratio of agriculture land area to industry land area, is negatively correlated with rural daily mobility, which indicates that more agricultural land has attracted more people to work locally; thus, inter-town mobility dropped off sharply. Specifically, land use structure may closely related to industry division as well as employment locations and, thus, influences the way residents commute. That is to say, the predominance of localized employment among primary industry practitioners, such as farmers, keeps the movements across regions. This finding supports Can Cui [5], who argues that industrial enterprises and tertiary industry employees have boosted directed population movements during weekdays and weekends for business trips and leisure activities. It is different from some existing research results from samples of inner cities where people can work locally [43], and this allows individuals to evade extensive commuting, such for long-distance commuting.



In terms of population characteristics, age is significantly related to rural mobility. It is suggested that the higher the percentage of the 15–64 years population and the higher the proportion of men, the stronger the mobility. It is a commonly accepted notion that the age cohort comprising young and middle-aged individuals constitutes the predominant driving force behind the phenomenon of mobility.. This is consistent with prior studies [22,23,25], which report that gender differences play a regulatory role in commuting decision-making, male employees (80.50%) are more willing to commute than female employees, and men commute longer than female partners. Additionally, no firm conclusions can be drawn yet on the effect of population density. Some studies argue that population density reduces car ownership and shows expected direct negative effects on travel distance [44] while promoting the use of public transport such as buses and subways [45]. The results of this analysis indicate a statistically significant negative correlation between housing price and mobility. This suggests that individuals residing in regions of higher housing price, tend to exhibit a higher frequency of inter-town travel. One possible explanation for this phenomenon is the greater physical distance between homes and amenities in areas with higher housing costs. Additionally, housing prices serve as an indicator of economic development and are, therefore, positively correlated with increased mobility, which is in accordance with prior research which has demonstrated a positive and stable relationship between economic factors and population movement patterns in China [46]. This finding is congruent with previous studies on daily intercity mobility within the Yangtze River Delta region, reinforcing the validity of the observed correlation between housing price and population mobility [5]. Moreover, the results reveal that road density has a statistically significant impact on rural mobility. Specifically, a higher road density is associated with lower levels of rural mobility. An examination of the road network evolution in Changchun, China, provides additional support for this conclusion [47], as it demonstrates that an increase in road density results in shorter average road segment lengths and reduces travel distances overall. These findings suggest that the development and expansion of road networks can play a crucial role in shaping population movement patterns in rural areas and should be carefully considered in efforts of urban and regional planning.





5. Conclusions


This study contributes to the existing research by investigating the impact of administrative division and regional accessibility on rural mobility in PRD and improving the traditional GWR model by considering the spatial correlation of flows to quantify the local effect. The FGWR method takes account of the interaction and spatial heterogeneity, which improves the accuracy of model fitness. Based on mobile phone signaling data, we investigated the rural mobility of 612 towns with targeted variables. By quantitatively examining these effects, it is possible to gain a deeper understanding of the influencing factors and mechanisms of rural mobility and of significance for effective policies to promote sustainable regional development.



5.1. Main Results


Our findings demonstrate a significant impact of administrative division and regional accessibility on rural mobility. This study reveals that administrative division, which serves as a proxy for differences in institutional arrangements and governance, plays a crucial role in shaping mobility patterns. Additionally, our results highlight the importance of regional accessibility in facilitating rural mobility, which can be influenced by transportation infrastructure, such as HSR. These findings provide important insights for policymakers seeking to develop effective interventions for promoting rural mobility and enhancing regional integration. Specifically:



(a) The effects of district boundaries on commuting mobility are more likely in center areas along the Pearl River, while the effects of city boundaries on non-commuting mobility between the core area and the surrounding region are more significant. These findings provide valuable insights into the mechanisms by which administrative division shapes mobility patterns in rural areas and contribute to the understanding of the interplay between governance and spatial dynamics. Institution convergence and policy coordination, such as mutual recognition of social security accounts and eliminating registered residence discrimination in employment, may promote mobility for rural development and country economic integration.



(b) For regional accessibility, car accessibility is negatively associated with rural mobility, and Foshan-Dongguan has more significant links with east areas for commuting, while there are more significant links with western areas for non-commuting. HSR is positive significantly on rural mobility between core cities along the Pearl River, while it is more significant in mobility between northwest and center regions for non-commuting. Thus, the network of road construction priority should be given to the connection between the core employment areas along the Pearl River for commuting. Taking advantage of long-distance travel, HSR should be laid along the trajectories of remote areas with center regions.



(c) Other socioeconomic demographics and built environments are mostly not significant and illustrate a mix-direction effect on rural mobility. Specifically, housing price plays a positive role in mobility. Land use structure is negative but not significant. Road density is positive with the commuting flow while negative with the non-commuting flow. These results provide insights into rural mobility and should be carefully considered in regional development.




5.2. Limitations and Recommendations


This study has made an important contribution to the understanding of factors related to rural mobility, including a comparison between commuting and non-commuting. However, there still remain opportunities for future work. Firstly, the mobile signaling data used in this study only covers a one-week period and is restricted to the Pearl River Delta region; future studies could benefit from a more abundant data to provide additional evidence. Secondly, the computational model used in this study omits certain variables, and future studies could try more advanced models to address these limitations. Thirdly, future studies could consider additional types of mobility flows, such as urban–rural mobility, to provide a more comprehensive understanding of the phenomena.
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Figure 1. The location of PRD and sample areas. 
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Figure 2. Population flows occurring between rural towns to be analyzed. 
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Figure 3. The local effect of administration division on rural mobility for commuting. 
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Figure 4. The local effect of dialect on rural mobility. 
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Figure 5. The local effect of car accessibility on rural mobility. 
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Figure 6. The local effect of HSR on rural mobility. 
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Table 1. Variables and data descriptive statistics.






Table 1. Variables and data descriptive statistics.





	
Measurement

	
Variables

	
Variable Description

	
Max

	
Min

	
Mean

	
St.d






	
Rural mobility

	
Flow counts

	
Number of mobile signals between two towns during the observation period (thousand)

	
53.75

	
0.00

	
28.63

	
117.67




	
Location-based factors at the town level

	

	




	
Population

	
Age

	
Percentage of 15–64 years population (%)

	
11.32

	
0.00

	
10.94

	
12.32




	
Male

	
Percentage of men in whole population (person)

	
4.23

	
0.01

	
50.12

	
5.28




	
Population density

	
Resident population/area size (hundred persons/km2)

	
39.05

	
0.06

	
10.19

	
15.85




	
Economic development

	
Housing price

	
Average price of housing in the whole town (thousand yuan/m2)

	
28.58

	
4.27

	
12.69

	
8.09




	

	
Land use structure

	
Agricultural land/construction land (cultivated land, forest land, and grassland; %)

	
0.99

	
0.00

	
0.84

	
0.21




	
Flow-based factors between rural towns




	
Cultural

	
Dialect

	
The two rural towns use the same dialect (yes = 1, dummy)

	
1.00

	
0.00

	
0.89

	
0.17




	
Administrative division

	
District boundary

	
The two towns belong to the same administrative sub-district (yes = 1, dummy)

	
1.00

	
0.00

	
0.06

	
0.44




	
Urban boundary

	
The two towns are under same municipal administrative jurisdiction (yes = 1, dummy)

	
1.00

	
0.00

	
0.18

	
0.90




	
Regional accessibility

	
HSR

	
Total frequency of HSR connecting the two towns

	
5.44

	
0.00

	
1.83

	
1.02




	
ICR

	
Total frequency of ICR connecting the two towns

	
3.00

	
0.00

	
0.36

	
1.45




	
Car accessibility

	
The time it takes to drive from one town to another (minute)

	
95.55

	
1.70

	
25.25

	
16.23
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Table 2. Results of ordinary regression model.
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Variables

	
Model 1: Commuting

	
Model 2: Non-Commuting




	
Standard Coefficient

	
t-Value

	
p-Value

	
Standard Coefficient

	
t-Value

	
p-Value






	
Intercept

	
8.425

	
−0.090

	
0.928

	
−6.387

	
−0.162

	
0.871




	
Location-based variables




	
ΔAge

	
0.013

	
0.354

	
0.724

	
0.000

	
0.020

	
0.984




	
ΔMale

	
−0.015

	
−0.408

	
0.683

	
0.002

	
0.081

	
0.935




	
ΔHousing price

	
0.038

	
1.163

	
0.245

	
0.038 **

	
2.012

	
0.044




	
ΔPopulation density

	
0.052

	
0.602

	
0.110

	
0.006

	
0.327

	
0.743




	
ΔRoad density

	
0.013

	
0.391

	
0.696

	
−0.022

	
−1.142

	
0.254




	
ΔLand use structure

	
−0.048

	
−1.492

	
0.136

	
−0.026

	
−1.353

	
0.176




	
Flow-based variables




	
Dialect

	
0.059 *

	
1.765

	
0.078

	
0.016

	
0.816

	
0.415




	
District boundary

	
0.187 ***

	
5.581

	
0.000

	
0.231 ***

	
12.2

	
0.000




	
Urban boundary

	
0.062 *

	
1.678

	
0.094

	
0.104 ***

	
4.842

	
0.000




	
Car accessibility

	
−0.131 ***

	
−3.972

	
0.000

	
−0.016

	
−0.724

	
0.469




	
HSR

	
0.020

	
0.450

	
0.653

	
0.043 **

	
1.981

	
0.048




	
ICR

	
−0.024

	
−0.527

	
0.598

	
0.005

	
−0.213

	
0.832




	
Observations

	
3157

	

	

	
2863

	

	




	
Log-likelihood

	
10,301.572

	

	

	
1907.906

	

	




	
Classic AIC

	
10,333.572

	

	

	
2578.918

	

	




	
BIC/MDL

	
10,430.490

	

	

	
4106.311

	

	




	
R square

	
0.503

	

	

	
0.708

	

	








Note: *, **, and *** indicate statistical significance of p < 0.1, p < 0.05, and p < 0.01, respectively.
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