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Exploring the spatial variations and the impact of spatial and social factors on commuting behavior is vital to promote cities’ sustainable development and improve residents’ daily lives. Based on 2015 1% Population Sample Survey data in Shanghai, this study constructs an improved accessibility index to evaluate the jobs–housing spatial relationship and compares spatial variations and factors of commuting duration and commuting distance at the sub-district level by using spatial autocorrelation analysis, spatial lag model, and spatial error model. In terms of spatial variations, the median commuting distance and commuting duration are 6.32 km and 28.37 min, respectively. Both of them have significant spatial autocorrelation, and the latter is higher. The high–high agglomeration areas of commuting distance scatter between the outer ring road and the outer suburbs. The high–high agglomeration areas of commuting duration are mainly distributed between the middle and the outer ring roads. In terms of affecting factors, the impacts of social factors on the commuting level are more significant than spatial factors. Ignoring the former will overestimate the effects of the latter. Commuting distance is more significantly correlated with spatial factors, and job accessibility is the most critical factor, while commuting duration is more significantly associated with social factors, and education level is the essential factor. There is significant intra-urban heterogeneity and spatial autocorrelation of commuting distance and duration in the metropolis. Social factors are more influential than spatial factors on commuting behavior.
Keywords: commuting duration, commuting distance, intra-urban variations, spatial econometric model, impact factors, Shanghai
1 INTRODUCTION
With urban spatial expansion and economic development, residents’ travel distance and the proportion of motorized travel keep increasing (Haixiao et al., 2009; Zhao, 2013; Sun and Dan, 2015; Sun et al., 2017). Meanwhile, urban problems are increasingly prominent, such as traffic congestion and environmental pollution (Shen and Zhang, 2020). Green travel has become the focal point of urban governance and development to cope with urban traffic issues. Shanghai, Beijing, and other cities have written the jobs–housing balance into the urban master plan in recent years. Cutting commuting distance and reducing commuting duration has become the primary demand for residents to improve the quality of life and the inevitable choice of sustainable urban development. Commuting is the product of the separation of work and residential location (Hu et al., 2016; Li et al., 2018). It can reflect urban spatial structure to a certain extent (Yang, 2008; Yang and Ferreira, 2008). It is a critical perspective to analyze the logic of urban spatial organization (Acker and Witlox, 2011; Shen and Zhang, 2020). Commuting difficulty is a typical urban problem faced by all major cities in the world today (Fan et al., 2010). Therefore, revealing the spatial variations of intra-urban commuting behavior and its driving factors can help systematically understand the causes of urban problems, such as traffic congestion, and provide policy suggestions for transportation optimization.
As the most common behavior of urban transportation, under the constraints of individual socioeconomic characteristics and urban spatial structure (Shen and Zhang, 2020), commuting results from trade-offs and choices on travel distance and residence preferences (Alonso, 1964). Commuting involves various development issues, such as the urban economy, traffic, and environment (Schleith et al., 2016). The quantitative characterization and assessment of commuting is the primary prerequisite for urban governance and development. Studies on individual and regional scales are equally important, but the latter has more pertinence and application value for formulating and optimizing relevant public policies (Wang, 2001; Zhao, 2013; Su et al., 2021).
Regarding the spatial variations of commuting behavior, different scholars based on countries (Alonso, 1964), cities (Levinson and Wu, 2005; Sun et al., 2016; Li and Lu, 2018; Yin et al., 2018), counties (Giuliano and Small, 1993), traffic zones (Shen, 2000; Wang, 2000; Kawabata and Shen, 2016), and finer scales conduct extensive research (Liu et al., 2019; Pan and Wang, 2020). At the national level, the travel distance of developed countries and regions is longer, and motorized travel is much higher than those of developing countries. Global motorized travel is predicted to continue to grow (Schafer and Victor, 2000). Scholars have investigated the spatial variations of commuting behavior based on different spatial units. Supporters of the stability law of commuting duration believe that commuting duration does not increase significantly with the expansion of city size. This argument has been demonstrated by many scholars (Anas, 2014). Some scholars also found that there are significant spatial variations in urban commuting duration—for example, the commuting duration of cities in central and western China is longer than those of eastern developed regions (Li and Lu, 2018; Yin et al., 2018). In order to test the effectiveness of polycentric strategy based on job centers within the city, studies show that the farther away from the central business district (CBD), the shorter the average commuting time in employment centers, but there was no significant change in the average commuting distance (Sun et al., 2013). This suggests that the reduction in commuting duration is not due to jobs–housing balance but to high travel speed under car commute and loose road conditions (Sultana, 1990; Sun et al., 2013). In addition, based on the township scale in Boston (Shen, 2000), Columbus (Wang, 2001), San Francisco (Kawabata and Shen, 2016), and others, some studies find that there are significant spatial variations of commuting duration and distance within a city. The commuting duration in low-income areas of the inner city is significantly higher than those in other areas. The commuting duration of public transportation is longer, and its spatial variations are much greater than those of cars.
The factors affecting commuting behavior are also an important issue, mainly including urban spatial and social dimensions. In spatial dimension, compared with minimum commuting, in jobs–housing ratio (Giuliano and Small, 1993), job accessibility has the highest negative correlation with commuting distance and commuting duration (Shen, 2000; Kawabata and Shen, 2016). Some studies also find that the jobs–housing ratio has a high explanatory level to commuting duration and commuting distance (Yang and Ferreira, 2008; Hu and Wang, 2016). The further the place is from the CBD, the more relaxed the traffic conditions will be, and the higher the proportion of car commuting. Thus, the higher the travel speed, the shorter the commuting duration (Sun et al., 2013; Hu and Wang, 2016). However, the conclusions are not entirely consistent (Wang, 2001). The bigger the population size is, the more traffic congestion will occur, which will lead to slower travel speed and further lengthening of the commuting duration. However, areas with high population and employment density tend to pursue the compact development of mixed land use, and better public transport conditions can improve job accessibility, thus shortening the commuting duration (Sun et al., 2016). At the same time, commuting behavior is also affected by other socioeconomic factors, such as regional development level, population, and occupation composition. Economic development and industrial structure positively affect commuting duration (Li and Lu, 2018). There is a significant positive correlation between the proportion of highly skilled labor and commuting duration (Sultana, 1990). The higher the ratio of public transport trips, the higher the commuting duration (Kawabata and Shen, 2016).
Previous studies lay a solid foundation for understanding commuting behavior and its spatial variations. However, existing studies mainly concentrated at the city level in developed countries. The attention to intra-urban spatial variations of commuting is primarily in western developed countries (Growth and Change, 2004). China has its unique urban spatial structure. On the one hand, Chinese cities are defined in terms of administrative districts, and their geographic area is much larger than those of cities in western countries (Li K. et al., 2021)—for example, the area of Shanghai is 6,340 km2, while such a geographic area in western countries can be cities, regions, or metropolitan areas. On the other hand, cities in China have lower levels of employment suburbanization and polycentricity than cities in western countries (Hu et al., 2019). Differences in urban connotation and structure determine that the experience of Western countries cannot be directly applied. It is urgent to research commuting behavior and its spatial variations in Chinese cities. Furthermore, there is a lack of geographic study on commuting behavior from the integrated perspective of social and spatial dimensions in developing countries. Previous studies have investigated social factors or spatial factors separately. However, they have not considered both social and spatial influences in one study and failed to compare the difference in the degree of influence of the two types of factors. In addition to the traditional spatial mismatch theory, some scholars have proposed non-geographic spatial mismatches, such as vehicle mismatch and skill mismatch (Taylor and Ong, 1995; Ong and Miller, 2005; Stoll, 2005). It indicates that, as essential factors of commuting behavior, non-spatial variables cannot be ignored. Lastly, as location is a crucial factor affecting commuting, using ordinary regression and ignoring spatial autocorrelation may underestimate or overestimate the effect of some factors, causing specific impacts on result authenticity.
The contribution of this study to the literature includes providing empirical evidence for spatial variations of intra-urban commuting behavior in China, including both commuting time and commuting distance, exploring the impact of both spatial factors and social factors on commuting behavior while examining their relative importance. Moreover, this paper constructed a spatial econometric model to assess the spatial autocorrelation of commuting behavior instead of the ordinary least squares (OLS) model.
The following section provides the study areas, data sources, and methods. Section 3 demonstrates the results. Section 4 discusses four commuting categories and their implications. Section 5 summarizes the conclusions.
2 DATA AND METHODS
2.1 Study Areas and Data Sources
Shanghai has 25 million permanent residents, which makes it the biggest city in China (Li K. et al., 2021). It is also home to heavy traffic and long commuting duration (Figure 1). Given regional continuity, the study area is limited to the 196 sub-districts (Jiedao or Town) in Shanghai metropolitan area other than Chongming District (Figure 2). Our commuting data comes from the 1% National Population Sample Survey in 2015, which, for the first time, targets the population of prefecture-level cities and municipalities divided into districts and adds a survey item on the workplace. This survey takes Shanghai as a whole and each district as a sub-group, adopting the stratified, multi-stage, and cluster probabilistic sampling method. The sample population of the survey is nearly 0.7 million residents, accounting for nearly 3% of the total population in Shanghai. The purpose of this study is to analyze intra-urban commuting behavior, so the individuals studied in this paper include people who live and work in Shanghai, while individuals who only work and do not live in Shanghai are not included in the scope of the study. The count of employed people living in Shanghai was 12.47 million, among which 12.39 million are working here. Due to the absence of some data from the Songjiang Industrial Zone, the final sample size is 195 sub-districts.
[image: Figure 1]FIGURE 1 | The division of Shanghai at district level.
[image: Figure 2]FIGURE 2 | Job accessibility of Shanghai at sub-district level.
Table 1 shows the dependent and independent variables. The dependent variable is the average commuting distance and average commuting duration of each sub-district. A comprehensive reference for previous studies and related data, there are two main types of variables—first, spatial variables: job–housing spatial relationship is one of the crucial factors affecting commuting behavior. At the same time, jobs have the characteristics of agglomeration distribution, which is generally distributed in the downtown area and suburban job centers. Therefore, this study adopts five variables, namely, job density, worker density, distance from the CBD, job accessibility, and sub-area (central city/suburb), to represent the spatial dimension of Jiedao; second, social dimension variables: commuting is affected by socioeconomic attributes, both at the individual level and the city level. At the individual level, the commuting behavior has been extensively researched (Ma and Banister, 2006), and a series of theoretical models have been generated, such as job search models (Rouwendal, 2004). Recent studies showed that employees spend 7.22 more minutes per day commuting than their self-employed counterparts in the United States (Gimenez-Nadal et al., 2018). At the city level, studies in western developed countries showed that commuting duration is closely related to socioeconomic variables, such as average income level (Shen, 2000), average education level (Watts, 2009), occupation composition (Sang et al., 2011), gender (McQuaid and Chen, 2012), etc. Six variables were used to represent the social dimension of Jiedao, including average education level, the proportion of families with private cars, the ratio of local workers with Hukou, the proportion of workers who rent a house, and the proportion of highly skilled occupations. Hukou is a system of household registration used in China. A household registration record officially identifies a person as a permanent resident of an area and includes identifying information, such as name, parents, spouse, and date of birth (Afridi et al., 2015). Among the above-mentioned independent variables, job density and worker density, average education level, and the ratio of high-skilled occupations have a high collinearity, so the two variables of worker density and the proportion of high-skilled occupations are deleted.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]2.2 METHODS
2.2.1 Job Accessibility
Accessibility refers to the degree to which it is easy for a location to obtain spatial distribution opportunities (Hansen, 1959). Various measurement methods are based on spatial separation opportunity accumulation and spatial interaction (Liu and Gu, 2008). Compared with shopping malls, jobs are spatially competitive (A.Merlin and Hu, 2017). Therefore, this study is based on the improved measurement method of the Hansen Model proposed by Shen (Shen, 1998). Its expression is as follows:
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where [image: image] is job accessibility in Jiedao I, [image: image] is the count of jobs in Jiedao j, [image: image] is the straight-line distance between Jiedao centroids i and j, [image: image] is distance attenuation coefficient, [image: image] is the count of workers in Jiedao i, [image: image] is the count of commuters from Jiedao i to Jiedao j, and a is the constant. Compared with other accessibility measurement methods, this method considers the possibility of local residents competing for jobs in surrounding Jiedao and pays attention to the competitive opportunities of residents in other Jiedao for employment in their Jiedao. Ignoring the unemployed, the total job accessibility of all Jiedao is 1. Considering commuting duration budget and the distance attenuation of residents, we selected 7 km as the threshold of the spatial boundary of job search. In 2015, the average commuting distance of residents in the Shanghai metropolitan area was about 7 km, which can be used as a buffer zone to cover more than 70% of commuting. The distance attenuation coefficient refers to the practice of Wang (2001), and based on the commuting data of 2015 (a total of 20,315 asymmetric commuting flows), (Eq. 3) is used to calculate β as 1.183. Figure 1B shows the spatial distribution of job accessibility.
2.2.2 Spatial Autocorrelation Analysis

1) Global Moran’s I is used to describe commuting behavior’s overall spatial distribution pattern to judge whether it has agglomeration in space (Anselin, 1995). The formula is as follows:
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where n is the count of Jiedao, [image: image] is spatial weight matrix, [image: image] and [image: image] is the commuting distance or duration in Jiedao i and j, and [image: image] is the mean value. E(I) represents the expected value of global Moran’s I, E(I) is approximately 0 if N is large. If [image: image], then the commuting behavior has a positive spatial correlation; if GI <0, then commuting behavior has a negative spatial correlation; if GI <[image: image], then it has no spatial correlation autocorrelation.
2)Local spatial autocorrelation analysis (local Moran’s I) can effectively describe the spatial correlation between Jiedao and its neighbors. It is a local spatial autocorrelation statistic that identifies local clusters or local outliers to understand their contribution to the “global” clustering statistic (Anselin, 1995). It offers insight into the behavior of data at local levels by providing a decomposition of the Moran’s I global statistic into the degree of spatial association associated with each observation. The spatial clusters detected by the local Moran’s I can be divided into four types: high–high (HH, high-density units surrounded by high-density units), high–low (HL, high-density units surrounded by low-density units), low–high (LH, low-density units surrounded by high-density units), and low–low (LL, low-density units surrounded by low-density units). The formula is as follows, and the meanings of all variables are the same as those in Eq. 4.
[image: image]
2.2.3 Spatial Regression Analysis
There are four types of spatial econometric models applied to compare the spatial interaction of driving factors among spatial units, namely, spatial lag model (SLM), spatial error model (SEM), spatial Durbin model (SDM), and spatial Durbin error model (SDEM), which are linked with different setting modes of spatial interaction (LeSage and Pace, 2009). The SLM emphasizes more on the spatial correlation of the variables among the spatial units and inspects its spatial spillover effect, while the SEM inspects mainly the influencing degree of variable error on observation values. The SDM and SDEM combine the characters of SLM and SEM (LeSage, 2014). They can inspect the spatial effect and influence of variable error on observation values then achieve a better estimation effect (LeSage and Pace, 2009). The advantage of SDM and SDEM is that they can provide the estimative value of the coefficients of indirect and direct effects. However, because SDM and SDEM are embedded in explanatory variables and explained variable of spatial lag, they cannot reflect the marginal effect (spillover effect) directly and cannot measure the direct impact of the independent variables on the dependent variable (LeSage and Pace, 2009; Elhorst, 2014). Since the spatial distribution of commuting behavior has solid spatial dependence and it is significantly affected by spatial and social factors (Lee and Yu, 2010), this paper chose SLM and SEM to identify the impact of different factors on commuting behavior.
The SLM model is used to test whether a variable has a spatial spillover effect. The dependent variable of a spatial unit is affected by the independent variable within the unit and related to the dependent variable of adjacent spatial units. The model is as follows:
[image: image]
where [image: image] is the dependent variable, [image: image] is the dependent variable, [image: image] is the spatial weight matrix, [image: image] is the regression coefficient, reflecting the interpretation degree of the spatial adjacency unit to the dependent variable, [image: image] is the independent variable coefficient matrix, and [image: image] is an error term.
The SEM model is a spatial autoregressive model based on the standard regression model, which deals with the spatial dependence of error terms. The model is as follows:
[image: image]
where λ is the spatial autoregressive coefficient of the error term, which measures the spatial dependence of the error term, and μ is a random error term.
3 RESULTS
3.1 The Spatial Variations of Commuting Distance
At the sub-district scale, the average commuting distance in Shanghai Metropolitan Area is 6.40 km. The median is 6.32 km, the standard deviation is 1.56 km, and the minimum is 2.79 km in East Nanjing Road Jiedao. The maximum is 12.03 km of Nicheng town, 52% Jiedao below average. From Figure 3A, Jiedao within the inner ring road benefited from abundant job opportunities and higher accessibility, and the value of their commuting distance is low. By contrast, due to the excess of workers and low job accessibility, the commuting distance value of sub-districts near the outer ring road is high. The commuting distances on most outer suburban remained relatively high. This result indicated a significant spatial variation of commuting distance within the city, which is also observed in the study in San Francisco (Kawabata and Shen, 2016).
[image: Figure 3]FIGURE 3 | Spatial pattern of commuting distance in Shanghai Metropolitan Area. (A) Spatial distribution and (B) spatial autocorrelation.
Global Moran’s I is 0.342, significant at 0.01 level, indicating that commuting distance has a critical spatial positive correlation at the sub-district scale. Figure 3B is the result of local autocorrelation analysis. High–high agglomeration areas are scattered across Yangpu, Baoshan, and Pudong District. These are primarily residential areas, and job accessibility is lower than the average level in Shanghai. The employed population size in these areas is far more significant than the job size, so the surplus employed population is forced to commute long distances, increasing their average commuting distance. Low–high agglomeration areas are mainly distributed in suburban job centers near high–high regions, such as Wujing Town and Jinqiao Town. Abundant job opportunities are located in these areas compared with the surrounding sub-districts. Workers of these Jiedao were mainly employed in their own Jiedao, while excess jobs also attract workers from the surrounding high–high-type Jiedao into commuting. Low–low type areas are primarily concentrated in sub-districts within the inner ring road with higher job accessibility. The scale of work is much larger than the scale of workers. Most of these areas are renters engaged in production, living, and service industries and employed near residential areas.
3.2 The Spatial Variations of Commuting Duration
The average commuting duration at the sub-district scale in Shanghai Metropolitan Area is 27.94 min, the median is 28.37 min, and the standard deviation is 7.69 min. The minimum is 8.88 min in Xinbang Town, and the maximum is 44.17 min in Linfen Jiedao, and 48% of the sub-districts are lower than the average. As shown in Figure 4A, the sub-districts with short commuting duration are mainly distributed in areas beyond 20 km from the CBD. Commuting duration in areas within 15 km from the CBD shows a rapid increase, and it rapidly drops to the lowest level from the outer to the inner within 10–20 km, but it still shows a slowly declining trend in areas beyond 20 km. Among them, sub-districts with higher commuting duration than the average are mainly distributed in the range of 3–18 km. The high-value areas are located near the middle ring road; taken as the cutoff point from anywhere to the inner city and the periphery, commuting duration presents an apparent downward trend. This result is different from the previous study, which emphasized that, as the distance from the CBD increases, the proportion of cars commuting will increase and the commuting duration will be shortened (Sun et al., 2013; Hu and Wang, 2016). These sub-districts with high commuting duration belong to high-density agglomeration areas of jobs and workers, a typical traffic jam place.
[image: Figure 4]FIGURE 4 | Spatial variations of commuting duration in Shanghai Metropolitan Area. (A) Spatial distribution and (B) spatial autocorrelation.
Global Moran’s I is 0.678 higher than that of commuting distance, which indicates that the distribution of commuting duration has a very high spatial agglomeration feature. Figure 4B is the result of the Lisa diagram; high–high agglomeration areas are located near the middle ring road, and we can divide them into two types. The first type has slow travel speed caused by traffic congestion, such as Yichuan Jiedao, Kongjiang Jiedao, and Jiangpu Jiedao. Such areas have lower commuting distances but higher population and job density. The other type has low job accessibility caused by long commuting distance, such as Songnan Town and New Jiangwan Jiedao. This type focuses on living functions, its job density is low, and its commuting distance exceeds 9 km. Low–low aggregation areas are continuously distributed in outer suburbs, such as Songjiang, Qingpu, and Fengxian districts, where the commuting distance is lower than the average, coupled with the calm traffic conditions and private car commuting so that commuting duration is short. The other two categories have no prominent distribution areas.
3.3 The Impact Factors of Commuting Distance
The OLS model results of commuting distance are shown in Table 2. OLS 1 and 2 models, respectively, discuss the impacts of spatial and social factors. From R2, LL, and Akaike information criterion (AIC), it can be seen that social factors have a higher explanatory power, which indicates that social factors are essential factors that cannot be ignored in urban commuting distance analysis. The error of Moran’s I in the OLS 3 model, considering both spatial and social factors, is 5.576, which is significant at 1% level, indicating that residuals have a certain level of spatial dependence and do not conform to the traditional OLS assumptions. Therefore, it is necessary to use a spatial econometric model. All test statistics of the SEM are better than those of the SLM, such as (LM), R2, LL, and AIC (Table 3).
TABLE 2 | Model results of commuting distance.
[image: Table 2]TABLE 3 | Model results of commuting duration.
[image: Table 3]As for the impact factors of commuting distance, these are negatively correlated with job accessibility while positively correlated with distance from the CBD. By comparing the t-value, job accessibility is an essential negative spatial factor affecting commuting distance. Job accessibility means more job opportunities, making it easier to obtain local employment and thus shortening the commuting distance. Distance from the CBD is the most critical positive spatial factor. On the one hand, from the CBD to the outskirts, the population and employment decentralization is more prominent, showing a high level of job–housing separation. On the other hand, most residents living in the outer areas still commute centripetally, which means that the farther away from the CBD, the longer the workers commute.
Except for the variable of OwnCar and RentHouse, other social factors are significantly positively correlated with commuting distance, while education level is the most critically positive social factor. According to existing studies (Cassel et al., 2013), high-quality jobs are more concentrated, and those with a high education level need to search for employment in a broader space to find satisfactory work. Meanwhile, because of the high income, commuting distance is not the primary consideration for well-educated workers. Hukou is also a significant factor, which is not observed in western countries. Compared with local workers with Hukou, the migrant population has a lower cost of intra-city relocation. To save commuting costs, they are more inclined to live near the place of employment, so the commuting distance is shorter (Chai et al., 2000; Liu and Yan, 2007; Wu et al., 2019). According to the SEM model, RentHouse is not a significant factor. The percentage of renters is slightly positively correlated with commuting distance, which is significant at 10% level. This is because renting behavior is not only related to commuting distance but also influenced by other factors such as rental costs (Li Y. et al., 2021).
3.4 The Impact Factors of Commuting Duration
All test indicators in the social factor model (OLS 5) are superior to the spatial factor model (OLS 4); R2 is 0.623 and 0.768, LL is −585.64 and −537.65, and AIC is 1,181.30 and 1,087.31, respectively. Meanwhile, comparing OLS 3 of commuting distance and OLS 6 of commuting duration, the impact of factors has more explanatory power due to LM and robust LM of SEM not passing the significance test, while that of SLM is significant. Combining R2, LL, and AIC, we analyze the results of SLM in the following discussion.
Except for the SubArea variable, other spatial variables have significantly negative impacts on commuting duration. Among them, job accessibility is the most critical factor. The higher the job accessibility, the shorter the commuting duration, which is consistent with the explanation of the commuting distance model. Regarding distance from the CBD, traffic congestion significantly reduces travel speed and thus increases the commuting duration for the central city with short commuting distance. This is consistent with previous studies which showed that the farther away from the CBD, the shorter the average commuting time in employment centers (Sun et al., 2013). In some other areas, long commuting distance is the cause of long commuting duration. However, most suburban residents work in their Jiedao, which have a short commuting distance.
Meanwhile, good traffic conditions provide higher travel speed and then shorten the commuting duration. This is similar to the findings of previous studies which emphasized that the commuting duration is due to high travel speed under car commuting and loose road conditions (Sultana, 1990; Sun et al., 2013). It is worth noting that the proportion of families with cars is positively correlated with commuting distance and negatively with commuting duration. This result indicates that, although car ownership can increase commuting distance, it can significantly reduce commuting duration, reflecting the city–individual commuting cost paradox. Under urban suburbanization and motorization, Shanghai’s commuting space expansion and long commuting distances bring severe problems, such as traffic congestion, and air pollution. However, for individual residents, commuting duration and cost borne by individuals do not increase significantly.
4 DISCUSSION
4.1 The Similarities and Differences of the Impact Factors
The commuting distance and commuting duration are affected by many factors, and the influence of each factor reflects both similarities and differences (Table 4). The variables access, education, Hukou, and female have consistent effects on commuting distance and duration. On the one hand, education, Hukou, and female are significantly positively correlated with commuting distance and duration. People with a higher education level usually search for employment in a broader space to find satisfactory work, thus leading to the increase of commuting distance and duration. Compared with the migrant population, local workers with Hukou have a higher cost on housing relocation and a lower cost on job relocation, so they formed the dispersion of residences, leading to an increase in commuting distance and duration (Liu and Yan, 2007; Wu et al., 2019). A higher proportion of females at the sub-district level is positively correlated with an increase of commuting distance and duration. This is inconsistent with the findings of previous research (Li and Liu, 2016). One reason is that there are more single women in Shanghai who do not need to take responsibility for taking care of their families. On the other hand, access is significantly negatively correlated with commuting distance and duration. With the increase in employment opportunities, people are more inclined to work within a shorter spatial distance, resulting in a reduction in commuting distance and duration.
TABLE 4 | The impact factors between commuting distance and commuting duration.
[image: Table 4]The distance from the CBD is positively correlated with commuting distance while negatively correlated with commuting duration. From CBD to the outskirts, the population and employment decentralization is more prominent; people living in the outer areas still commute centripetally, which means that the farther away from the CBD, the longer the commute distance. However, the traffic conditions and traffic structure in the suburb are good, and the commuting speed is higher than the average; thus, the commuting duration is relatively short (Sun et al., 2013).
The above-mentioned results fully demonstrate that there are significant spatial differences in commuting distance and duration within megacities. At the same time, this difference is affected by a variety of factors. Therefore, it is necessary to delineate commuting units according to the different commuting distances and duration in megacities and then take targeted optimization measures.
4.2 Policy Recommendations
According to the spatial heterogeneity of commuting behavior, policymakers can take targeted action strategies according to regional conditions to achieve urban traffic optimization. Using median commuting distance and duration, we try to classify Shanghai’s metropolitan areas into four categories (Figure 5): short distance and short duration (called friendly type), short distance and long duration (called congestion type), long distance and long duration (called sprawl type), and long distance and short duration (called suburban type). The friendly type is mainly distributed in sub-districts within the inner ring road and scattered in suburban sub-districts dominated by non-motorized commuting. The congestion type is primarily distributed in the periphery of the former type, while within the inner ring road, and caused by traffic congestion and slow travel speed. The sprawl type is located between the middle and outer ring roads. They are primarily residential areas with low job accessibility and centric commuting. The suburban type is mainly distributed in external suburban areas because traffic conditions are relatively better, and private cars account for many trips.
[image: Figure 5]FIGURE 5 | Classifications of commuting level in Shanghai Metropolitan Area.
Therefore, it is necessary to improve job accessibility in sub-districts with long commuting distances and achieve commuting optimization by shortening the commuting distance. Meanwhile, the spatial variations of the social dimension should also be fully taken into account. The social factor model indicates that high job accessibility is not sufficient for short commuting, and social factors will interfere with its effectiveness. For areas with short commuting distances but long commuting duration, policymakers should stick to “people-oriented” rather than “car-oriented”, convert from a single mode to a multi-mode of a complimentary transportation system, and increase the opportunities for residents to choose commuting modes, giving full play to the advantages of walking and cycling and creating a safe and comfortably built environment for non-motorized commuting.
4.3 Limitation and Future Research
There are still some limitations in this study. Because the selected spatial analysis unit is a relatively large sub-district, it ignores the heterogeneity of the built environment and the social and economic attributes of the population at the community scale. Since commuting behavior is affected by roads and transportation infrastructure, future research should add more relevant indicators. In addition, the commute distance uses a straight line distance rather than an actual distance. In future research, we will combine big data and survey data to evaluate the influencing factors of commuting behavior. What is more, the SLM model is based on the assumption that the ratio of indirect to direct effects is the same for each explanatory variable; it will be a certain error between the obtained result and the actual condition (LeSage and Pace, 2009; Elhorst, 2014; LeSage, 2014). In future research, we will use other methods to analyze the impact of different factors more accurately.
5 CONCLUSION
The surge in commuting duration and commuting distance will affect cities’ sustainable development and negatively impact residents’ daily lives. Since commuting duration and distance have different sensitivities to urban spatial patterns and social factors, their spatial variations and the impact of factors being studied will help develop more effective and reasonable transportation optimization policies and measures. Using spatial autocorrelation analysis and spatial econometric model, this study compares the spatial variations of commuting behavior and the impact of different factors on commuting duration and commuting distance based on 2015 1% Population Sample Survey data in Shanghai. The results are presented in the following discussion.
Firstly, the median commuting distance and commuting duration are 6.32 km and 28.37 min, respectively. Both of them have significant spatial autocorrelation, and the latter is higher. The high-value agglomeration areas of commuting distance scatter between the outer ring road and the outer suburbs. In contrast, the low-value agglomeration areas are mainly distributed in suburban job centers near high-value areas. The high-value agglomeration areas of commuting duration are primarily distributed between the middle ring road and the outer ring road. In contrast, the low-value agglomeration areas are widely located in the outer suburbs.
Secondly, social factors had a high degree of explanation for commuting behavior, and the influence of spatial factors will be overestimated if social factors were ignored. According to test statistics, SEM is more suitable for commuting distance, and SLM is ideal for commuting duration. Job accessibility is the most critical spatial factor for commuting distance, while education level is the most important social factor. For the commuting duration, the proportion of local workers and education level are the most critical factors. This shows that spatial factors mainly affect commuting distance, while social factors primarily influence commuting duration.
Thirdly, according to the median value of commuting distance and duration, four commuting categories are classified: the friendly type, the congestion type, the sprawl type, and the suburban type.
The conclusions of this study confirm the intra-urban heterogeneity and spatial autocorrelation of commuting distance and duration in the metropolis. Besides spatial factors, social factors are considered to analyze their impact on commuting distance and duration. Four commuting categories are classified, and these can provide a reference for urban traffic planning and policy formulation and promote the jobs–housing balance.
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