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Abstract:



The primary objective of this study was to explore the factors that influence metro-bikeshare ridership from a spatial perspective. First, a reproducible method of identifying metro-bikeshare transfer trips was derived using two types of smart-card data (metro and bikeshare). Next, a geographically weighted Poisson regression (GWPR) model was established to explore the relationships between metro-bikeshare transfer volume and several types of independent variables, including sociodemographic, travel-related, and built-environment variables. Moran’s I statistic was applied to examine the spatial autocorrelation of each explanatory variable. The modeling and spatial visualization results show that riding distance is negatively correlated with metro-bikeshare transfer demand, and the coefficient values are generally lower at the edge of the city, especially in underdeveloped areas. Moreover, the density of bus, bikeshare, and other metro stations within 2 km of a metro station has different impacts on metro-bikeshare transfer volume. Travelers whose origin or destination is entertainment related tend to choose bikeshare as a feeder mode to metro if this trip mode is available to them. These results improve our understanding of metro-bikeshare transfer spatial patterns, and several suggestions are provided for improving the integration between metro and bikeshare.
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1. Introduction


Bicycle-sharing systems have become a global trend in urban transportation development because they provide an affordable, clean, convenient and sustainable travel mode to residents and travelers while also promoting a healthy lifestyle with increased physical activity [1,2,3,4]. Sharing bicycles can also reduce the usage of motor vehicles, thereby reducing on-road traffic congestion and conserving road space [5,6,7,8]. Compared with privately owned bikes, shared bicycles are used as needed, thereby eliminating concerns associated with maintenance costs and responsibilities [9]. The growth of bicycle-sharing systems has increased rapidly in recent years, and likely, has exceeded the growth of any other urban transportation mode [10]. After several decades of decline, a worldwide renaissance of cycling has occurred, and many experts have viewed this trend as an effective method of mitigating a variety of transportation problems caused by car dependence, including air pollution and traffic congestion [11]. Today, an estimated 1328 bicycle-sharing systems have been implemented, and approximately 405 bike-sharing schemes are in the planning phase or under construction worldwide; they account for approximately 12,970,100 bicycles according to the Bike-sharing World Map [12]. China first launched a third-generation bicycle-sharing program in Hangzhou in 2008 [13,14], which was followed by programs in Shanghai and Wuhan in 2009, Beijing in 2011 and Nanjing in 2013. As of April 2015, China had launched 237 bicycle-sharing programs [15]. In 2016, a new form of bicycle-sharing program (called a fourth-generation bicycle-sharing program) that does not depend on fixed docks but can use any legal street parking began in China [16]. These bicycle-sharing programs advance the fast-growing bicycle-sharing market [17] and show great potential for the revival of bicycle commuting in Chinese cities [9].



More importantly, bicycle-sharing systems reinforce the ridership of transit systems, such as metro systems, which in turn promotes the integration of bicycle-transit systems [18]. Bicycle-transit integration is widely regarded as an important method of improving the efficiency of public transit [10,19,20,21,22] because this integration facilitates the creation of more “livable” communities in which transfer stations appear to be much closer to a person’s home or workplace [23]. Bicycle-transit integration has seen substantial growth during the last decade in many countries. Martens et al. [24] and Fishman et al. [15] have suggested that “improved public transportation integration” may represent one of the most important future directions in the shared-bicycle domain. In Chinese cities, the integration between public bicycles and transit methods can be greatly beneficial for sustainable transportation development [4,9] for a number of reasons. First, China has been experiencing a phase of unprecedented expansion in both bicycle-sharing programs and urban rail transit systems. Second, with the expansion of public transit into suburban or even exurban areas, which are less efficient because of lower population densities and higher construction costs [25], an effective multimodal transfer system must be developed to increase the service coverage of transit stations, reduce the transfer time and appeal to more passengers [25,26]. Bicycles can represent an effective method of reaching certain locations, especially in areas without transit service and in situations when the distance between the closest transit station and the destination exceeds a suitable walking distance [27,28]. Third, bicycle-transit integration at rail transit stations is especially important in Chinese cities where public transit systems are notoriously crowded and bicycles are banned from buses and trains. Finally, the sociodemographic characteristics of cyclists in China are similar to those of the general population [29], which indicates considerable potential for a large number of citizens to shift their trip modes into a bicycle-transit integrated mode.



However, few previous studies have analyzed bicycle-transit integration using smart-card data. Therefore, the primary objective of this study was to derive a method of recognizing metro-bikeshare transfer trips using two types of smart-card data (metro and bikeshare) and explore the influential factors of metro-bikeshare ridership from a spatial perspective. More specifically, this paper aims to address the following issues: (a) combining bikeshare and metro trips taken by one person using their smart-card data; (b) determining the appropriate model for identifying the influential factors of metro-bikeshare ridership and testing their spatial variation; (c) determining the spatial pattern of each geographically varying attribute; and (d) identifying implications that can be extracted from these spatial patterns. The remainder of the paper is organized as follows. Section 2 summarizes previous studies related to metro-bikeshare integration and its influential factors. Section 3 describes the methodology of the geographically weighted Poisson regression (GWPR) model. Section 4 addresses the method used to isolate valid metro-bikeshare transfer trips and descriptive statistics. Section 5 presents estimation results along with implications. Section 6 presents conclusions and suggestions for further research.




2. Literature Review


Previous studies have analyzed bicycle-transit integration characteristics in multiple dimensions such as the accessibility of bicycle-transit, the effect of bikeshare on metro ridership, parking issues with public bicycles and measures to enhance the integration of bicycle-transit [9,11,21,23,25,30,31,32,33,34,35,36,37]. The main focus of this literature review is to briefly generalize previous studies related to determinants of bicycle-transit integration and spatial regression modeling in the transportation field. Studies using spatial regression models in the transportation field are also summarized in terms of their data type, model selection, dependent and independent variables, and model verification methods (including goodness-of-fit, and the spatial autocorrelation test).



2.1. Determinants of Bicycle-Transit Integration


Zhao and Li [11], Chen et al. [38] and Mohanty and Blanchard [39] found that travel distance is one of the most important influential factors which determines the rates of cycling as a feeder mode to rail transit. The attributes of the cycling service at transit stations can heavily influence a cyclist’s decision to choose a bicycle as a feeder mode as suggested by Pan et al. [25]. In addition to these observable variables that can affect the use of bicycles to access public transit, unobservable variables have also been identified as having an influence. By using a hybrid model, the relationship between bicycle-transit and three latent variables (the perception of connectivity, the attitude towards the station environment and the perceived quality of bicycle facilities) was analyzed and found that each variable had a positive correlation [40]. Personal demographics also contribute to the likelihood of using shared bicycles to access rail transit. Ji et al. [9] showed that female, older, and low-income transit commuters are less likely to use shared bicycles to access public transit. An online survey was conducted by Bachand-marleau and Larsen [19] in the region of Montreal, Canada during the summer of 2010, and it was found local shared-bicycle users with a yearly membership had a stronger tendency to integrate bicycle transportation with rail transit. Martin and Shaheen [41] found that sharing bicycles had a stronger connection with rail transit in suburban or exurban areas where the population is less dense. Additionally, researchers have explored the effects of transfer bicycles and bicycle-related infrastructure on rail transit, and they found that the presence of bicycle lanes and bicycle-sharing systems and shared-bicycle ridership within transit service areas were all positively associated with transit ridership [31,32,33,34,35].



However, most of aforementioned studies above were conducted based on survey data because researchers want to obtain as much information as possible to build a comprehensive model for analysis. Obtaining survey data is very costly and difficult to implement on a multiday level due to low response rates and accuracy, leading to a series of problems such as inadequate sample sizes and restricted study generalizability. Faghih-Imani and Eluru [42] specifically studied the impact of sample size and found that when sample size decreases, standard error of estimation gradually rises, confidence in estimated parameters declines, and more variables become insignificant. Additionally, none of these studies investigated the spatially varying influential factors of metro-bikeshare transfer activity, which can surely lead to a better understanding of bikeshare-transit integration from a spatial perspective.




2.2. Spatial Regression Modeling in the Transportation Field


Table 1 summarizes related studies in the field of transportation using a spatial regression model in terms of their data type, model selection, dependent and independent variables, and model checking method. The following summary describes the selection of variables and the development of models used in this study.


Table 1. Summary of spatial regression models used in selected studies.





	
Studies

	
Independent Variables

	
Data and Methodology




	

	
Demographic

	
Socioeconomic

	
Built Environment

	
Travel Related

	
Land Use (POIs)

	
Data Type

	
Target Variable

	
Model

	
Goodness-of-Fit/Spatial Autocorrelation Test






	
Chiou et al. [43]

	

	
√

	
√

	

	

	
Survey data

	
Usage rates

	
GWR

	
R2, Moran’s I




	
Bao et al. [44]

	
√

	
√

	
√

	
√

	

	
Survey & social media data

	
Crash counts

	
GWR

	
R2, AICc, Moran’s I




	
Qian et al. [45]

	
√

	

	

	
√

	
√

	
GPS data

	
Ridership

	
GWR

	
R2, AICc, Moran’s I




	
Yang et al. [46]

	

	

	
√

	

	

	
GPS data

	
Modal accessibility gap

	
SLM, SEM, SAM, SDM

	
Log-likelihood, AIC, Moran’s I




	
Vandenbulcke et al. [47]

	
√

	
√

	
√

	

	

	
Survey data

	
Usage rates

	
SLM, SEM

	
Log-likelihood, AIC, SIC, Moran’s I




	
Wang et al. [48]

	
√

	
√

	
√

	

	
√

	
Survey data

	
Community opportunity index

	
GWR

	
Adj. R2, AICc/AIC, Moran’s I




	
Kerkman et al. [49]

	
√

	
√

	
√

	
√

	

	
Survey data

	
Ridership

	
SLM, SIM

	
AIC, Moran’s I




	
Yang et al. [18]

	

	
√

	
√

	

	
√

	
Survey data

	
Travel volume

	
GWR, mixed GWR

	
R2, Adj. R2, AICc




	
Wang et al. [50]

	

	

	
√

	

	

	
Online survey data

	
Rent

	
Linear hedonic SLM

	
R2, F-test, Chi-squared test




	
Liu et al. [51]

	
√

	
√

	

	

	

	
Survey data

	
HEV penetration

	
SAM, SEM, GWR

	
Log-likelihood, AIC, SBC, Moran’s I, LM^error




	
Akar et al. [52]

	
√

	
√

	
√

	
√

	

	
Survey data

	
Trip distance

	
SEM

	
R2, Adj. R2, AICc, LM^error










As shown in Table 1, most of the researchers conducted their studies based on survey data (9 out of 11) because demographic and socioeconomic information can be difficult to obtain from big data, such as GPS data or smart-card data. Neither of the studies using GPS data considered socioeconomic variables in their spatial regression model. As for the dependent and independent variables, 5 of 11 studies used ridership or usage rate as the target variable, indicating the wide applicability of this variable for studying travel-related issues, whereas built environmental and sociodemographic (demographic plus socioeconomic) variables are the most frequently used types of explanatory variables and were considered in 9 out of the 11 studies. In terms of the models and verification methods, over half of the studies (6 out of 11) chose a GWR (geographically weighted regression) model as the spatial regression model, whereas other studies selected among the SLM (spatial lag model), SEM (spatial error model), SAM (spatial autocorrelated model), SDM (spatial Durbin model) and SIM (spatial interaction model). Moran’s I was the most commonly used statistic (8 out of 11) to determine whether variables showed spatial autocorrelation, whereas the Lagrange multiplier error was not used as frequently (2 out of 11). Additionally, the corrected Akaike information criterion (AICc)/Akaike’s information criterion (AIC) was frequently adopted to indicate the goodness-of-fit of a spatial regression model (9 out of 11). R2 is a suitable goodness-of-fit index for OLS (ordinary least square) regressions, whereas log-likelihood is often used for maximum likelihood estimations [18,43,44,45,46,47,48,49,50,51,52].





3. Methodology


The primary objective of this study was to explore the factors that influence metro-bikeshare ridership from a spatial perspective. Two methods, a global Poisson regression model and GWPR model, were developed for comparisons.



3.1. Multicollinearity


Multicollinearity means that several particular explanatory variables have a strong linear correlation with each other, which can cause bias when interpreting the significance and influence of other explanatory variables. To eliminate this phenomenon, we adopted the VIF (variance inflation factor), which is an indicator that represents the severity of multicollinearity. Specifically, the VIF of an explanatory variable is directly related to the goodness-of-fit ([image: ]) of the model, and it takes this variable as the dependent variable and keeps other explanatory variables as independent variables. The VIF is calculated as follows:


[image: ]











Commonly, variables with VIF values greater than 10 are assumed to be multicollinear variables and should be eliminated from the OLS model [53].




3.2. Spatial Autocorrelation


The most commonly used spatial variability test is called Moran’s I test, which shows the spatial autocorrelation of each explanatory variable and can be expressed as follows [54]:


[image: ]








where n is the number of spatial units; [image: ] is the weight between location i and j, and the function has been shown above; [image: ] represents the selected attribute value at locations i and j, respectively; and [image: ] is the average of all observations.



The range of Moran’s I statistic is between −1 and +1. Higher positive values mean that close observations tend to have similar attribute values while distant observations have different attribute values, which indicates spatial aggregation. However, a negative value indicates spatial dispersion, and a value near zero indicates a spatially random distribution. The null hypothesis of Moran’s I test is that the explanatory variables are spatially independent, which means that Moran’s I statistic is close enough to zero. A Z-score is usually used as the indicator of significance of the Moran’s I statistic to verify the null hypothesis, and it can be calculated as follows:


[image: ]








where E(I) and Var(I) are the expectation and the standard deviation of the Moran’s I statistic, respectively. The significance level in this study was P < 0.05.




3.3. GWR and GWPR Models


The GWR model is an extension of the general linear regression model, and both models attempt to build a linear relationship between a given dependent variable and a set of independent variables. However, the greatest difference between these two models is that the GWR model allows coefficients to vary over space (called local terms), whereas the general linear regression model considers coefficients to be fixed (called global terms). Therefore, the GWR model is suitable for exploring spatial heterogeneity because it allows users to estimate parameters at any place in the study area if the spatial coordinates are available.



The estimation of coefficients at a given location (one observation) in a GWR model follows a weighted concept: the closer other observations are to this location, the greater influence they will have on the estimation. This characteristic of the GWR allows a local-specific relationship of the dependent variable to the independent variables considering spatial variation during the modeling.



The GWR takes the following form to estimate the parameter for each location ([image: ],[image: ]) [55]:
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The weighted matrix is applied to the estimation of [image: ], which is calculated as follows:


[image: ]








where
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Each weight function [image: ] in the weighted matrix is a distance decay function that considers the distance between location j and other locations. If a location is near location j, then the observations at this location will have a greater impact on [image: ]. As the distance between the locations becomes larger, the impact will decline. Commonly, two weight kernel functions, the Gaussian and bi-square, are used and can be expressed separately as follows:


[image: ]
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where [image: ] is the distance between the regression point i and other observation points j, and b is the bandwidth.



The Gaussian kernel weight continuously and gradually decreases from the center of the kernel but never reaches zero, whereas the bi-square kernel has a concrete range wherein the kernel weighting is non-zero, thereby controlling the kth nearest neighbor distance for each regression location. The bandwidth b can be constant (fixed kernel) or variable (adaptive kernel), and many previous studies have proposed the application condition for the two options. If the sample size is small or densely populated, the adaptive kernel is suitable to search the optimal spatial bandwidth and produce a small bandwidth; otherwise, a fixed kernel is recommended. In this study, the sample contains 39 metro stations, and their distribution is rather scarce; therefore, the fixed Gaussian kernel function was selected.



In a GWR model, a Gaussian error term [image: ] is added in each function, which is suitable for modeling numerical responses. It is worth mentioning that the GWR model can be used only if the dependent variable obeys a normal distribution (the error term satisfies the Gauss-Markov condition). Therefore, if this condition cannot be met, other types of generalized linear models, particularly logistics or Poisson regression, become a good solution. As a natural extension of the GWR, we can theoretically derive geographically weighted generalized linear models (GWGLMs), such as the GWPR model. More specifically, the GWPR model can be fitted for modeling count outcomes (e.g., transfer volume) with geographically varying coefficients. A GWPR model always takes the following form:


[image: ]











The dependent variable should be an integer that is greater than or equal to zero. [image: ] is the offset variable at the [image: ] location. This term is often the size of the population at risk or the expected size of the outcome in spatial epidemiology. Generally speaking, this term can be assumed to be 1.0 for all locations if the expected size is not clear.



The AIC is a commonly used criterion for the goodness of fit of regression models, while in GWPR modeling, the AICc is recognized as the optimal indicator for bandwidth selection and the selection of the final model. The goal of AIC/AICc is to identify an optimal model with the best interpretation ability but the fewest explanatory variables that has the lowest AIC/AICc. Thus, the model with the lowest AICc was finally selected in our study.





4. Data


By the end of 2016, 133 metro stations and seven metro lines were operating in Nanjing, covering 224 km. Along with the metro, the city has established a third-generation bikeshare program supported by advanced technologies and management strategies near metro stations to address the first-mile problem.



4.1. Dependent Variable


The dependent variable used in the models, metro-bikeshare transfer trips for each metro station, was identified using metro smart-card data and bikeshare smart-card data from 9 March 2016 to 29 March 2016, which were obtained from the Nanjing Public Bicycle Company and the Nanjing Metro Company. The metro database contained 23,860,858 smart-card transaction records, and the bikeshare database contained 1,917,410 records. In December 2015, the Nanjing municipal government enabled smart cards for transfer between bikeshare and public transit. A smart card records all public transportation transactions associated with the same ID, which enables researchers to explore metro-bikeshare travel patterns by mining smart-card data.



Both the bikeshare and metro records are established on a daily basis. The smart-card records from 9 March 2016 are used as an example to show how to isolate metro-bikeshare transfer transactions from smart-card data.



Firstly, querying rules were defined to correctly pair one metro transaction with the subsequent bikeshare transaction, and the bikeshare transaction followed the metro transaction with the same member ID. Table 2 and Table 3 show examples of paired smart-card transaction records.


Table 2. Example of Nanjing smart-card records for “Metro→Bikeshare” transactions.





	Transaction Date
	Member ID
	Trip Type
	Transaction Time
	Metro Station ID
	Bikeshare Station ID
	Station Longitude
	Station Latitude





	2016-03-09
	97007007 ****
	Metro
	08:42:58
	24
	-
	118.7619
	32.04468



	2016-03-09
	97007007 ****
	Bikeshare
	08:46:06
	-
	11001
	118.7744
	32.04895







Notes: Transaction Date: day when the transaction occurred, Member ID: unique passenger identification number (**** stands for numbers are not fully shown to ensure privacy of smart-card holders), Trip Type: metro or bikeshare, Transaction Time: Returning Bikeshare or Entering Metro, Metro Station ID: Exiting station, Bikeshare Station ID: leasing station, Station Longitude: longitude of metro/bikeshare station, Station Latitude: latitude of metro/bikeshare station.







Table 3. Example of Nanjing smart card records for “Bikeshare→Metro” transactions.





	Transaction Date
	Member ID
	Trip Type
	Transaction Time
	Metro Station ID
	Bikeshare Station ID
	Station Longitude
	Station Latitude





	2016-03-09
	97007007 ****
	Bikeshare
	09:15:55
	-
	11001
	118.7744
	32.04895



	2016-03-09
	97007007 ****
	Metro
	09:16:59
	24
	-
	118.7619
	32.04468







Note: Transaction Date: day when the transaction happens, Member ID: unique passenger identification number (**** stands for numbers are not fully shown to ensure privacy of smart-card holders), Trip Type: metro or bikeshare, Transaction Time: Returning Bikeshare or Entering Metro, Metro Station ID: entering station, Bikeshare Station ID: returning station, Station Longitude: longitude of metro/bikeshare station, Station Latitude: latitude of metro/bikeshare station.








However, the paired transactions are not necessarily actual transfer behavior. They can represent many other forms of activities, such as an early morning metro commute and a bikeshare trip in the evening. Thus, two recognition rules are introduced to eliminate irrelevant records. Recognition rules in this research have two main considerations: maximum transfer distance and maximum transfer time. Transfer distance is defined as the Euclidean distance between the metro station and the bikeshare station; this distance is calculated through the geographic coordinates of the stations. Transfer time refers to the time duration between exiting the metro ticket gate and leasing a public bicycle or returning a public bicycle and consecutively entering the metro ticket gate.



We generated statistics of cumulative percentages with different time and distance thresholds. As Table 4 and Table 5 illustrate, over 90% of transfer trips were finished within 10 min and 300 m on both the “Metro→Bikeshare” transfer mode and the “Bikeshare→Metro” transfer mode. Therefore, 300 m and 10 min were used as the best estimate for the maximum value of metro-bikeshare transfer distance and time, respectively. In addition, previous articles showed that the walkable distance between metro stations and pubic bicycle stations is 300 m [32,56], which is also equivalent to a 5-min walk for the average person [57]. Considering that metro-bikeshare transfer activities in China’s metro stations require a security check, we considered a maximum transfer time of 10 min to be reasonable. It should be acknowledged that the smaller the maximum value, the stricter the validation condition. In contrast, as the maximum value increases, some non-representative transfer behavior data may be mixed in.


Table 4. Cumulative percentages of “Metro→Bikeshare” modes by different transfer distances and times.





	

	
Transfer Distance (Meters)




	
100

	
200

	
300

	
400

	
500

	
600

	
700

	
800

	
900

	
1000






	
Transfer Time (min)

	
2

	
2%

	
2%

	
2%

	
2%

	
2%

	
2%

	
2%

	
2%

	
2%

	
2%




	
4

	
43%

	
65%

	
70%

	
70%

	
70%

	
70%

	
70%

	
70%

	
70%

	
70%




	
6

	
49%

	
74%

	
80%

	
81%

	
82%

	
82%

	
82%

	
82%

	
82%

	
82%




	
8

	
50%

	
78%

	
86%

	
88%

	
90%

	
90%

	
90%

	
91%

	
91%

	
91%




	
10

	
51%

	
79%

	
91%

	
91%

	
93%

	
94%

	
94%

	
94%

	
94%

	
94%




	
12

	
52%

	
80%

	
93%

	
94%

	
95%

	
97%

	
97%

	
97%

	
97%

	
97%




	
14

	
52%

	
80%

	
93%

	
94%

	
95%

	
97%

	
98%

	
98%

	
98%

	
98%




	
16

	
52%

	
80%

	
93%

	
94%

	
95%

	
98%

	
99%

	
99%

	
99%

	
99%




	
18

	
52%

	
80%

	
93%

	
94%

	
95%

	
99%

	
99%

	
100%

	
100%

	
100%




	
20

	
52%

	
80%

	
93%

	
94%

	
95%

	
99%

	
99%

	
100%

	
100%

	
100%









Table 5. Cumulative percentages of “Bikeshare→Metro” modes by different transfer distances and times.





	

	
Transfer Distance (Meters)




	
100

	
200

	
300

	
400

	
500

	
600

	
700

	
800

	
900

	
1000






	
Transfer Time (min)

	
2

	
49%

	
74%

	
79%

	
79%

	
79%

	
79%

	
79%

	
79%

	
79%

	
79%




	
4

	
51%

	
81%

	
83%

	
90%

	
90%

	
91%

	
91%

	
91%

	
91%

	
91%




	
6

	
52%

	
83%

	
88%

	
95%

	
95%

	
95%

	
95%

	
95%

	
95%

	
95%




	
8

	
52%

	
83%

	
91%

	
95%

	
95%

	
95%

	
95%

	
96%

	
96%

	
96%




	
10

	
52%

	
83%

	
91%

	
95%

	
95%

	
96%

	
96%

	
96%

	
96%

	
96%




	
12

	
53%

	
84%

	
92%

	
96%

	
96%

	
97%

	
97%

	
98%

	
98%

	
98%




	
14

	
53%

	
84%

	
93%

	
96%

	
96%

	
98%

	
98%

	
98%

	
98%

	
98%




	
16

	
53%

	
84%

	
93%

	
96%

	
97%

	
98%

	
99%

	
99%

	
99%

	
99%




	
18

	
53%

	
84%

	
93%

	
97%

	
98%

	
99%

	
99%

	
100%

	
100%

	
100%




	
20

	
53%

	
84%

	
93%

	
97%

	
98%

	
99%

	
99%

	
100%

	
100%

	
100%










A third criterion was based on the quantity of transfer trips that occurred at each unique transfer pair. We selected paired transfer stations that served at least 30 transfer trips during three consecutive weeks, and stations with only a few transfer records were eliminated to ensure that non-typical transfer patterns would not distort the results. The transfer transaction criteria mentioned above produced a dataset of 12,331 metro-bikeshare transfer trips made at 39 transfer pairs. Figure 1 shows the urban/suburban spatial distribution of 39 paired transfer stations in the study area.


Figure 1. Urban/suburban spatial distribution of 39 transfer pairs in the study area.
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4.2. Explanatory Variables


The explanatory variables were selected based on the previous studies listed in Table 1. A total of 25 explanatory variables were chosen from three categories: demographics, travel and built environment. Specifically, the demographic variables included the proportions of males, local residents, and five age groups considering the sum of transfer trips at each metro station. The travel-related variables included travel distance on metro, travel distance on bikeshare, and ridership of metro and bikeshare.



Built environmental data were mainly provided by the Jiangsu Institute of Urban Planning and Design and the Jiangsu Institute of Urban Transport Planning. The built environmental variables included docks at bikeshare stations; density of bus stations, metro stations, and bikeshare stations; density of road networks; population density; job density; and numbers of types of point of interest (POI), including governmental, commercial/industrial, educational, entertainment, hospital, residential, and tourist attractions. All the variables associated with density were calculated within a service radius of 2 km of each metro station. The service radius of 2 km was estimated using recognized transfer data based on previous studies [20,33,34]. Additionally, all types of POI-related variables were counted within a service radius of 300 m of each terminal bikeshare station. The descriptive statistics and the unit of each potential independent variable are summarized in Table 6.


Table 6. Descriptive statistics and units of explanatory variables.





	
Independent Variables

	
Unit

	
Min

	
Max

	
Mean

	
S.D.






	
Demographic and socioeconomic variables




	
Proportion of male (POM)

	
Percentage

	
0.3

	
0.89

	
0.57

	
0.12




	
Proportion of local residents (POLR)

	
Percentage

	
0.14

	
0.68

	
0.53

	
0.11




	
Proportion of users under 18 years old (AGE1)

	
Percentage

	
0

	
0.12

	
0.02

	
0.02




	
Proportion of users between 18 and 35 years old (AGE2)

	
Percentage

	
0.27

	
0.79

	
0.51

	
0.11




	
Proportion of users between 35 and 45 years old (AGE3)

	
Percentage

	
0.04

	
0.5

	
0.22

	
0.08




	
Proportion of users between 45 years and retirement age (AGE4)

	
Percentage

	
0

	
0.45

	
0.17

	
0.08




	
Proportion of users above retirement age (AGE5)

	
Percentage

	
0

	
0.39

	
0.09

	
0.07




	
Travel-related variables




	
Travel distance on metro (TDM)

	
km

	
6.18

	
13.52

	
9.77

	
1.60




	
Travel distance on bikeshare (TDB)

	
km

	
0.49

	
1.94

	
0.90

	
0.35




	
Ridership of metro (ROM)

	
Thousands per day

	
3.31

	
177.37

	
32.69

	
28.69




	
Ridership of bikeshare (ROB)

	
Thousands per day

	
0.05

	
3.54

	
0.86

	
0.89




	
Built environment variables




	
Docks at bikeshare station (Docks)

	
Numbers

	
40

	
201

	
86.62

	
41.56




	
Density of bus stations (BusD)

	
Numbers/km2

	
9.24

	
38.46

	
22.43

	
8.85




	
Density of metro stations (MetroD)

	
Numbers/km2

	
0

	
0.72

	
0.273

	
0.157




	
Density of bike stations (BikeD)

	
Numbers/km2

	
1.19

	
8.28

	
4.22

	
2.03




	
Density of road networks (RoadD)

	
km/km2

	
3.6

	
123.05

	
21.61

	
22.74




	
Population density (PD)

	
Numbers/km2

	
0.17

	
2.35

	
1.18

	
0.84




	
Job density (JD)

	
Numbers/km2

	
0.05

	
0.52

	
0.26

	
0.18




	
Governmental (POI)

	
Percentage

	
0

	
0.13

	
0.03

	
0.02




	
Commercial/Industrial (POI)

	
Percentage

	
0.04

	
0.35

	
0.17

	
0.08




	
Educational (POI)

	
Percentage

	
0

	
0.17

	
0.05

	
0.03




	
Hospital (POI)

	
Percentage

	
0

	
0.08

	
0.03

	
0.02




	
Entertainment (POI)

	
Percentage

	
0.13

	
0.68

	
0.41

	
0.12




	
Residential (POI)

	
Percentage

	
0.01

	
0.10

	
0.04

	
0.02




	
Tourist attraction (POI)

	
Percentage

	
0

	
0.23

	
0.03

	
0.04












5. Results and Analysis


5.1. Poisson Regression Model Result


To eliminate explanatory variables exhibiting multicollinearity, we used the Exploratory Regression tool in ArcGIS Pro to calculate the VIF indicators of each potential explanatory variable and to obtain the covariates of variables with VIF values greater than 10. The inspection results are shown in Table 7, which indicates that six variables had a VIF greater than 10: AGE2, AGE3, AGE4, AGE5, JD and PD. Based on the covariate column, four age variables were linearly correlated with each other, and JD and PD also presented a strong linear relationship. Thus, we excluded AGE3, AGE4, AGE2 and JD but retained AGE5 and PD, which had a smaller VIF relative to their covariates.


Table 7. Variance inflation factor (VIF) and corresponding covariates of explanatory variables.





	Variables
	VIF
	Covariates





	POM
	2.3
	/



	POLR
	1.94
	/



	AGE1
	1.73
	/



	AGE2
	25.85
	AGE3, AGE4, AGE5



	AGE3
	13.62
	AGE2, AGE4, AGE5



	AGE4
	16.03
	AGE2, AGE3, AGE5



	AGE5
	12.42
	AGE2, AGE3, AGE4



	TDM
	1.61
	/



	TDB
	3.04
	/



	ROM
	2.44
	/



	ROB
	4.22
	/



	DOCKS
	2.5
	/



	BUSD
	8.15
	/



	BIKED
	2.46
	/



	METROD
	7.54
	/



	ROADD
	1.75
	/



	PD
	14.23
	JD



	JD
	17.79
	PD



	Governmental
	1.66
	/



	Commercial/Industrial
	1.82
	/



	Educational
	1.87
	/



	Entertainment
	2.19
	/



	Hospital
	1.56
	/



	Residential
	2.07
	/



	Tourist attraction
	2.99
	/









After solving the multicollinearity problem, we ran the global Poisson regression model using STATA to examine the relationship between the remaining variables and the dependent variable. In this paper, we set the significance level at P < 0.05 and assumed that variables with a P-value greater than 0.05 did not have a significant influence on the dependent variable and should be excluded from the Poisson regression model. We eliminated each insignificant variable using an iterative approach, and the final modeling results are shown in Table 8. A total of 17 variables were left after the down-selection. These variables were considered to significantly influence the transfer volume.


Table 8. Poisson modeling results.





	Variables
	Estimate
	S.E.
	P-Value





	Intercept
	2.27
	0.21
	0.000



	POM
	−1.21
	0.29
	0.009



	POLR
	0.76
	0.95
	0.009



	AGE5
	−3.64
	0.01
	0.000



	TDM
	0.10
	0.06
	0.000



	TDB
	−0.96
	0.00
	0.000



	ROM
	0.03
	0.03
	0.000



	ROB
	0.90
	0.00
	0.000



	Docks
	0.01
	0.00
	0.000



	BusD
	−0.02
	0.14
	0.000



	MetroD
	−3.78
	0.02
	0.000



	BikeD
	0.18
	0.00
	0.005



	PD
	0.35
	0.73
	0.000



	Governmental
	4.03
	0.36
	0.000



	Commercial/Industrial
	4.69
	0.73
	0.000



	Educational
	−10.23
	0.24
	0.000



	Entertainment
	2.96
	0.68
	0.000



	Tourist attraction
	9.56
	0.32
	0.000










5.2. GWPR Model Results


Moran’s I test was conducted to determine whether some of these 17 variables were spatially autocorrelated and thus whether it is necessary to use the GWPR model for fitting these independent variables. Again, we used ArcGIS Pro to estimate the Moran’s I index of each selected explanatory variable after plotting the data on the geographical map with x-y coordinates. The estimation results are listed in Table 9. It can be seen that POLR, TDB, ROM, ROB, BUSD, BIKED, METROD and ENTERTAINMENT showed spatial autocorrelation with a significance level of P < 0.01, whereas the other explanatory variables did not show geographical variability.


Table 9. Moran’s I test for each explanatory variable.





	Variables
	Moran’s I
	Expected Index
	Z-Score
	P-Value





	POM
	−0.045
	−0.026
	−0.280
	0.780



	POLR
	0.306
	−0.026
	5.006
	0.000



	AGE5
	0.022
	−0.026
	0.765
	0.444



	TDM
	−0.005
	−0.026
	0.303
	0.762



	TDB
	0.280
	−0.026
	4.456
	0.000



	ROM
	0.151
	−0.026
	3.199
	0.001



	ROB
	0.336
	−0.026
	5.384
	0.000



	Docks
	0.051
	−0.026
	1.123
	0.261



	BusD
	0.767
	−0.026
	11.237
	0.000



	MetroD
	0.505
	−0.026
	7.692
	0.000



	BikeD
	0.563
	−0.026
	8.363
	0.000



	PD
	0.098
	−0.026
	1.785
	0.074



	Governmental
	−0.054
	−0.026
	−0.449
	0.654



	Commercial/industrial
	0.105
	−0.026
	1.872
	0.061



	Educational
	0.121
	−0.026
	2.236
	0.025



	Entertainment
	0.295
	−0.026
	4.614
	0.000



	Tourist attraction
	−0.039
	−0.026
	−0.244
	0.807









Therefore, a GWPR model was applied to explore the spatial heterogeneity of these variables with geographical variability. The modeling results are shown in Table 10. To further demonstrate the superiority and feasibility of the GWPR model, we compared it with the global Poisson regression model, which had the same explanatory variables as the GWPR model above. We calculated the AICc and AIC of the two models and found that the GWPR model had a significantly smaller AICc and AIC (shown in Table 11). This result indicates that GWPR better explained the data, suggesting that the GWPR model had a higher goodness-of-fit and better explanatory power.


Table 10. Geographically weighted Poisson regression (GWPR) modeling results.





	Local Terms
	Mean
	STD
	Min
	Lower Quartile
	Median
	Upper Quartile
	Max





	Intercept
	3.750
	0.065
	3.540
	3.713
	3.744
	3.806
	3.845



	POLR
	−1.103
	0.177
	−1.392
	−1.255
	−1.076
	−0.976
	−0.664



	TDB
	−1.038
	0.009
	−1.070
	−1.044
	−1.037
	−1.033
	−1.023



	ROM
	0.018
	0.000
	0.017
	0.017
	0.018
	0.018
	0.019



	ROB
	0.844
	0.007
	0.826
	0.842
	0.844
	0.848
	0.857



	BUSD
	−0.003
	0.000
	−0.004
	−0.003
	−0.003
	−0.003
	−0.002



	METROD
	−1.424
	0.198
	−1.879
	−1.568
	−1.379
	−1.237
	−1.172



	BIKED
	0.149
	0.005
	0.137
	0.145
	0.148
	0.153
	0.160



	ENTERTAINMENT
	3.716
	0.080
	3.584
	3.635
	3.740
	3.777
	3.839








Table 11. Comparison between GWPR and global Poisson regression modeling results.





	Indicators
	GWPR
	Poisson Model





	AICc
	2059.31
	2176.31



	AIC
	2050.65
	2170.10










5.3. Analysis and Discussion


As shown in Figure 2, Figure 3, Figure 4, Figure 5, Figure 6, Figure 7, Figure 8 and Figure 9, the effect of explanatory variables on metro-bikeshare transfer volume could be spatially investigated as in previous research [43,44,45]. The estimated coefficients of each paired metro-bikeshare station varied across regions, indicating that each selected variable was affected by local characteristics. Therefore, an analysis of the GWPR modeling performance can be used as a reference for government and bikeshare operators.


Figure 2. Spatial distribution of estimated coefficients of proportion of local residents.
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Figure 3. Spatial distribution of estimated coefficients of the travel distance of bikeshare.
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Figure 4. Spatial distribution of estimated coefficients of ridership of metro.



[image: Sustainability 10 01526 g004]





Figure 5. Spatial distribution of estimated coefficients of ridership of bikeshare.
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Figure 6. Spatial distribution of estimated coefficients of the density of bus stations within a 2 km radius of a metro station.
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Figure 7. Spatial distribution of estimated coefficients of the density of metro stations within a 2 km radius of a metro station.
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Figure 8. Spatial distribution of estimated coefficients of the density of bikeshare stations within a 2 km radius of a metro station.
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Figure 9. Spatial distribution of estimated coefficients of the proportion of entertainment POI within 300 m radius of bikeshare stations.
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As shown in Figure 2, there were clear negative correlations between proportion of local Residents (POLR) and metro-bikeshare transfer usage based on their coefficient values. As for the distribution of coefficients of POLR, the value was the lowest in the northwestern suburban area, where housing prices, which are US $5499 (34,369 RMB) per square meter, are higher than the average price of US $4800 (30,000) per square meter in Nanjing [58], indicating higher income and better life quality of local residents living in this area. As a result, these residents may use private vehicles for commuting, thus reducing the likelihood of using the metro-bikeshare transfer mode. The metro-bikeshare service should be enhanced, including suburban cycling infrastructure, among other metro-bikeshare services to greatly increase the metro-bikeshare usage by shifting local commuters away from using private vehicle travel modes.



A few European studies have shown that travel distance is a key factor that can explain the relationship between bike-and-ride, and faster public transportation tools (such as metro) tend to attract passengers from larger access and egress distances [22]. However, no research to date has examined how the travel distance on bikeshare affects metro-bikeshare integration in the context of Chinese cities. Our findings indicate that negative correlations exist between riding distance and metro-bikeshare transfer usage, which is quite understandable considering that people who use bikeshare for a longer distance are more likely to conduct the entire trip by bike and without needing to transfer to metro or any other modes for the remainder of their trip. As is show in Figure 3, the coefficient values were generally lower at the edge of the city, especially in underdeveloped areas. This phenomenon suggests that the combination of metro and bikeshare is still inadequate, and metro stations in those areas are sparsely distributed, so that people may have to take a bus, walk or use other transfer modes (but not metro) to finish their trips. Therefore, the government should provide more metro stations and support bikeshare stations within 2 km of metro stations in underdeveloped areas.



Figure 4 and Figure 5 show the spatial distribution of the coefficients for ridership of metro and bikeshare, respectively. It can be seen that positive correlations between ridership of metro and metro-bikeshare usage are primarily in the north of the city. Compared to the price in other areas in the suburbs, housing prices in northern regions, which are at US $4097 (25,608 RMB) per square meter, are relatively low [58]. Passengers living in this area use metro or metro-bikeshare to commute to urban areas as these two travel modes are more cost-effective [59,60]. In the south of the city, however, correlations between ridership of bikeshare and metro-bikeshare usage are much positive, compared with the least positive correlations in northern regions. A possible explanation is that when the first-stage bikeshare program of Nanjing was launched in the southern area in 2010, passengers there had accepted bikeshare as a feeder mode to metro [61]. Therefore, a scientific and reasonable dispatching approach needs to be implemented to solve the bikeshare imbalance problem in the northern and southern areas of the city. Additionally, an incentive policy to attract new users, such as a reduced price of any transfer between bikeshare and other public transit if a smart card is used, should be enacted.



Moreover, the density of bus, bikeshare, and other metro stations within a 2 km radius of a metro station had a great impact on the metro-bikeshare transfer volume. Specifically, bus and other metro stations nearby had a negative correlation with the transfer demand at one metro station. As for spatial patterns, the coefficients of bus and metro stations’ density show similar distributions in Figure 6 and Figure 7, reaching peaks in the core urban area. One factor that can explain this finding is the relatively well-developed public transport network, including more bus lines and a higher frequency of each line in urban areas, which makes bus another important feeder mode to metro in addition to bikeshare. When the density of bus stations increases, part of the transfer demand for metro-bikeshare will shift to metro-bus. Furthermore, the density of metro stations has a highly positive relationship with local development level. High density in urban areas often indicates heavy on-road traffic and, therefore, a higher risk of injury when riding bicycles. Thus, the higher the density, the more discouraged is the usage of bikeshare. In light of this, to improve metro-bikeshare service in urban areas, more bike lanes should be built, and illegal occupation of exclusive bicycle lanes by cars should be punished according to the law.



As Figure 8 shows, the density of bikeshare stations within a 2 km radius of a metro station is found to be positively correlated with metro-bikeshare usage. The coefficient reaches its highest value in the southern regions of suburban areas, which may indicate that the average riding distance in this area is currently quite unsatisfying, and the potential market for metro-bikeshare transfer is great. As a result, more bikeshare stations should be built in suburban areas to shorten the average riding distance and potentially attract more people to apply bikeshare as a feeder mode to metro, consistent with the results of Parkin et al. [62] and Faghih-Imani A et al. [63].



As shown in Figure 9, the coefficient of entertainment POI was highest in the urban area, especially around Station 9 (XinJieKou metro station), where most of the major shopping centers are located. This result indicates that more recreational area is expected to bring more metro-bikeshare transfers. This finding is intuitive because the traffic conditions around the entertainment POI are congested, especially during peak transit hours. The relatively higher density of bikeshare stations in urban areas improves the accessibility of bikeshare. Passengers who prefer cheaper and time-saving travel modes are more likely to choose bikeshare to reach entertainment destinations. On the other hand, the roads in suburban areas are mainly built for the sake of motorized vehicles, and metro stations in suburban areas fail to serve many large-scale entertainment sites, so that people must arrive there by car or taxi. Few people are willing to choose the bikeshare-metro travel mode for entertainment in suburban districts, principally due to the low density of metro stations. Therefore, it is suggested that the government should increase metro stations in suburban districts to improve the accessibility of some entertainment places, which will in turn attract more people to choose the metro-bikeshare travel mode.





6. Conclusions


This paper explores the bikeshare mode as a feeder to metro by mining smart-card data. First, we propose a novel data-fusion method to isolate valid metro-bikeshare transfer trips by matching the metro and bikeshare smart cards of one passenger. Three recognition rules are generated: the maximum time for transfer is 10 min, the maximum transfer distance is 300 m, and at least 30 transfer trips occurred at the paired transfer stations over three consecutive weeks. To better understand the key factors associated with metro-bikeshare usage, this study respectively applies a global Poisson regression model and GPWR model to identify the key factors to the metro-bikeshare usage of a total of 39 paired metro-bikeshare stations in Nanjing. In terms of AICc, AIC and Moran’s I testing, the GPWR model performs better than the global Poisson regression model. According to the estimation results of the GWPR model, eight estimated coefficients have been visualized across regions. Specifically, POLR, TDB, BUSD and METROD have a negative effect on metro-bikeshare usage, while ROM, ROB, BIKED and ENTERTAINMENT have a positive effect. Based on these findings, strategies that promote metro-bikeshare integration are then proposed.



The current work can be extended by obtaining additional data. Because we obtained March 2016 data from only the Nanjing Bikeshare System and the Nanjing Metro System, we could only analyze the influential factors of metro-bikeshare integration in this city during that month. Obtaining smart-card data from other cities would allow us to examine whether the factors influencing transfer in other cities are consistent with those in Nanjing. Moreover, smart-card data covering a longer time period should be obtained to examine whether transfer behavior varies seasonally. Additionally, we could further establish other spatial regression models (e.g., SEM and SLM) in addition to the GWPR model and compare their performance. Despite this, the most suitable spatial model can be selected, and its application conditions can be summarized in similar research.
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