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ABSTRACT 

Dockless bike-sharing system (DLBS) as a potential mode to solve the “first and last mile” problem is 

commonly used as access and egress of metro systems in many Chinese cities. A better understanding of 

this novel, economical and environmentally friendly mode of public transport can help improve the 

efficiency of bike-sharing system, and enhance the connection between bike sharing and metro systems so 

as to bring convenience to the travellers. To do so, this study used different types of visualization 

techniques, based on the large-scale shared bike data, to explore the spatial and temporal use patterns of 

shared bikes use for metro system in Xi’an city, China. Besides, the geographically weighted regression 

(GWR) model was applied to reveal the relationship between the influencing landuse related factors and 

the use patterns of shared bikes.  

Specifically, the Python-based data process method was used to deal with the large-scale GPS data of the 

shared bikes to extract useful information, such as the origins and destinations of the bike-metro trips. 

The cycling trajectory was also generated based on “Rout Plan” Application programming interface (API) 

from Baidu Map Server. A variety of statistical chart combinations, as well as different visualization 

methods such as heat maps, interactive flow maps, and routes distribution maps were used to extract the 

hot spots of the shared bike use. With the help of different visualization software or platforms, the spatial 

characteristics of the shared bike use in morning and evening peak hours were identified. In short, in the 

morning rush hours, there are a large number of shared bike trips that ride from the residential area to the 

metro station, or from the metro station to the job locations. While, in the evening peak hours, a large 

number of shared bike trips depart from the employment concentration to the metro station, or ride from 

the metro station to the residential area. This trend is consistent with the commuting activities on 

weekdays. Point of interest (POI) data was used as the basis for the influencing land use related factors 

The number of residence, job, commercial area, recreation area, green space, educational place, and health 

care locations were used as independent variables to explore their influence on the number of origins and 

destinations of bike-metro trips during different time slots. From the geographically weighted regression 

(GWR) model, in the morning peak, the number of residences has a positive effect on the distribution of 

the origins of the bike-metro trips, and the impact has spatial heterogeneity. The number of job locations 

and educational places has a positive influence on the distribution of destinations of bike-metro trips, and 

the influence has spatial heterogeneity. In the evening peak hours, the number of job locations has a 

positive impact on the distribution of the origins of bike-metro trips, and the influence has spatial 

heterogeneity. The number of recreation areas and residences has a positive effect on the distribution of 

the destinations of the shared bike use with spatial heterogeneity. 

According to the results of this research, some suggestions were provided to improve the efficiency of the 

bike-sharing system so as to make shared bikes solve the "first mile/last mile" problem better. 

Keywords:  Dockless bike-sharing system, GPS data, Spatiotemporal characteristics, Visualization, GWR 
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1 INTRODUCTION  

1.1 Background and Justification 

Cycling as an environmentally friendly mode of transport, has been a growing interest for policymakers 

and academics, especially in highly motorized urban areas confronted with pollution and congestion 

(Canitez, 2019). In the field of transportation, one of the potentials for bicycles is to help solve the “first 

and last-mile” problem, which means, getting riders from their origin to access the boarding point of a 

public transport system and then egress from the destination transit station to final activities (Hall, 2012; 

de Souza, La Paix Puello, Brussel, Orrico, & van Maarseveen, 2017). A new concept called bicycle-transit 

integration has emerged. Bike-transit integration means that cycling is used as transfer mode to or from 

transit stations to achieve an efficient and sustainable urban public transport system (Zhao & Li, 2017; 

Krizek &Stonebraker, 2010). Governments have advocated the concept in both developed and developing 

countries such as Brazil, China, and Colombia (Shelat, Huisman, & van Oort, 2018; States, 2009). In short, 

cycling plays an important role in promoting the use of transit.  

Among different public transit modes, some Asian countries rely on metro-based transport for the 

growing travel demand (Alam, 2010). The goal of metro construction is to improve sustainable transport, 

which can reduce negative environmental and social consequences caused by the rapid growth of 

motorization (Zhang & Zhuang, 2019). The efforts on improving the utilization rate of metro and 

enlarging the transit’s catchment area by solving the first/last mile problem are ongoing in many Chinese 

cities (States, 2009; Wang, Chen, & Xu, 2016). With the characteristics discussed above, cycling has been 

an important feeder mode to expand the scope of metro service (Ma, Ji, Yang, Jin, & Tan, 2018).  

The usage of bike sharing systems has become very popular in many Metropolis (Weliwitiya, 2019; de 

Souza, 2017; Shelat, 2018). Some research has revealed that bike sharing can significantly promote the 

integration of bikes and transit (DeMaio, 2009; DeMaio & Gifford, 2004). In 2008, the concept of 

docked-station based bike-sharing (DBS) was introduced in some Chinese metropolitan areas such as 

Beijing and Hangzhou. The municipal government leads the construction of DBS system as a part of the 

public transport system to cover short journeys and solve the first and last mile problem (Zhang, Duan, & 

Bryde, 2015). Users can rent a bike from public docked stations and return it at another station by using a 

transport smart card. However, because of the sparse distribution of docking stations, it can be quite 

difficult to reach the origins and the destinations of users’ activities. Due to the flexibility limitation of 

station-based public bike-sharing, dock-less bike-sharing system (DLBS) are now becoming the most 

popular public bicycle system in China (Wang, Huang, & Dunford, 2019). This system provides on-

demand service by mobile phone applications. The users can get a bike nearby by scanning its QR code 

and return it to any reasonable locations around the destination of a trip. Besides, this dockless system can 

save costs by avoiding the construction of expensive dock stations (Du, Deng, & Liao, 2019).  

The cumulative registered users of shared bikes reached to 235 million in 2018. The overall estimated 

ridership of DLBS has reached 17 billion, with the highest peak use reaching 70 million rides a day in 2018. 

(Gu, Kim, & Currie, 2019; Du, Cheng, Li, & Yang, 2019; Ma, Shi, Yuen, Sun, & Guo, 2019). Besides, 90% 

of users choose to use shared bicycles when their destination is within 5000 meters from/to the metro or 

other transit stations (Mobike, 2017). Therefore, for some cities with the metro-led public transportation 
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systems, the usage of shared bikes as access and egress mode for the metro system caused more and more 

concern.  

With the large use of shared bikes, some researchers identify several problems caused by the new mode of 

shared bikes. For example, parking disorder caused by a large number of shared bikes is more and more 

serious; the rebalancing which refers to removing bikes from parking areas that near capacity to the areas 

that need bikes, is also a hot issue (Zhao, Ong, Wang, & Hu, 2019); the increase of the DLBS users makes 

the infrastructure of cycling unable to match in time, especially the bike lanes. Therefore, many relevant 

studies explored the spatiotemporal characteristics of the DLBS use to provide evidence for better dealing 

with these challenges and improve the efficiency of the system.  

With the rise of GPS devices and smartphone-based APPs, more and more researchers realized that bike 

sharing system created an opportunity to analyse cycling activities on a vast data scale (Du, Deng, & Liao, 

2019). Hence, data-driven methods are increasingly applied to analyse spatiotemporal patterns as a basis 

to help understand the use patterns of shared bikes. 

Generally, the spatial pattern of bike sharing usage refers to the placement or arrangement of both points 

(available bikes’ locations of the DLBS or the exact origins and destinations of the bike stations) and 

routes. Some researchers focus on the DLBS studying the availability of shared bikes showing all the 

locations of available bikes within fixed time intervals (Yang & Liu, 2018; Reynaud, 2018; Ashqar, 2017). 

Some research focuses on the distribution pattern of origins and destinations of cycling trips to examine 

the spatial pattern of bike use and its relationship to transit stations based on large volume GPS data with 

the information of users and bikes as well as the origin and destination coordinates (Chen, 2015; Faghih-

Imani & Eluru, 2015; Wu, 2019; Barbour, 2019).  

Meanwhile, some research on spatial patterns of shared bikes combines the data processing methods with 

visualization tools. For instance, Reiss and Bogenberger (2015) use “heatmaps” to show the rental-return 

pattern of DLBS in Munich. Yang, Heppenstall, Turner, and Comber (2019) use a travel “flow map” to 

show the origins and destinations distribution around the metro stations' catchment area in Nanchang. 

Cluster analysis was also used for spatial patterns of shared bikes usage combined with different land use, 

or Point of Interest (POI) data extracted from Application Program Interface (API) (Etienne & Latifa, 

2014; Li, Zhu, & Guo, 2019). Besides, the pattern of cycling routes of bike-sharing is also a topic of some 

research based where trajectory data are used to suggest future bike lane construction (Yang, 2019; 

Barbour et al., 2019).  

The temporal analysis of shared bike use is mainly about the usage variation at different moments in time. 

Kaltenbrunner, Meza, Grivolla, Codina, and Banchs (2010) provided a time series analysis to explore the 

temporal pattern of share bikes in Barcelona according to a 1-hour interval during about two months. 

Cluster analysis is an often used method for the exploration of temporal patterns of bike sharing usage. 

Zhang, Thomas, Brussel, and Van Maarseveen (2017) used clustering analysis to classify the bike activity 

patterns according to weekdays, weekends, peak-hour, and off-peak hours based on the DBS stations. In 

this way, the variation of activity patterns over time can be revealed, which can help to better understand 

the shared bike use patterns and manage the bikes efficiently. The similar clustering analysis for exploring 

the temporal activity pattern was shown in Vogel, Greiser, and Mattfeld, (2011), as well as Du's (2019) 

work. 

Analysing influencing factors of shared bikes usage is a good way to better understand the spatiotemporal 

patterns. Zhao (2017) analyse factors from the built environment, transport infrastructure and service 

attributes. Factors like travel distance, travel time, income, car ownership, number of households, and 
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number of public bikes etc. are considered. Lin (2018) and Xu (2019) focused on the impact of built 

environments. In Lin’s study, factors were divided into five dimensions, which are density, diversity, 

design, distance to transit and distribution of shared bikes. For each dimension, for instance, population 

density, job-housing balance, street length, transfer distance and the number of shard bikes were included 

respectively. For Xu’s study, several key factors were selected, such as floor area ratio (FAR) of residential 

buildings, FAR of commercial buildings, land use mixture, network distance to MRT (Mass Rapid Transit), 

number of bus stops, number of road intersects, and length of cycling lanes. Cole-Hunter (2015) analysed 

the relation of cycling commuting trips with environmental and socio-demographic indicators. Age, 

gender, and income are often used for socio-demographic dimension. Noise, elevation, greenness, bicycle 

lanes, bicycle racks, were used as environment factors for instance. Besides, weather conditions are 

concerned (Ashqar, 2019; Caulfield, 2017). Some related policies and the cost of using the bikes are also 

important to the usage of bike sharing (Griffin & Sener, 2016; Li, Zhang, Sun, & Liu, 2018).  

1.2 Research Problem 

Based on the justification, the literature exploring spatiotemporal patterns of the bikes use for different 

purposes is quite sufficient. Spatial patterns are mainly analysed from the distribution pattern of origin-

destination or locations of available bikes as well as cycling routes pattern; temporal patterns are mainly 

identified according to different moments in time. Although different usage profiles of bikes were 

considered, a minority of the research focuses on the use patterns of bike sharing for the metro system 

(González, Melo-Riquelme, & de Grange, 2016; Faghih-Imani & Eluru, 2015). In addition, Some research 

discusses only the “bikes” used for connecting to public transit without distinguishing between private 

bikes and public bikes (de Souza, 2017; Wu & Yang, 2018). Furthermore, most of the research analyses 

usage patterns of shared bikes focus on the DBS system, which has different operation and management 

from the DLBS as mentioned before (Li, 2019).  

As discussed previously, there are different variables used to explain the use pattern of shared bikes. 

Nevertheless, it is also worth noticing that the existing research on analysing influencing factors of bike 

sharing usage usually does not focus on the variables that influence the use of shared bikes for metro 

systems based on the vast volume of secondary data as opposed to primary survey data.  

Based on these gaps, the study will develop an approach to analyse the spatiotemporal patterns and its 

influencing factors of DLBS used for connecting with the metro. This study aims to provide evidence for 

operators and urban planners so that they can better manage this new public transport mode, which can 

solve the “first/last mile” problem more efficiently. 

1.3 Research objectives 

1.3.1 General Objectives 

The general objective of this research is to develop an approach to analyse the spatiotemporal patterns 

and identify the main factors influencing the usage of a dockless bike sharing system for metro using in 

Xi’an, China as a case study. 

1.3.2 Specific Objectives 

1. To identify the temporal patterns of dockless bike sharing use for connecting with the metro stations. 
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2. To provide insight in the spatial pattern of dockless bike sharing used as access and egress mode to 
metro stations. 

3. To identify factors that influence the use patterns of bike-sharing for connecting with the metro stations. 

1.4 Research Questions 

1. To identify the temporal patterns of dockless bike sharing use for connecting with the metro 

stations. 

➢ What are the suitable analytical methods to identify the temporal patterns of shared bikes usage for 
metro stations? 

➢ Which method is most suitable to analyse the temporal patterns? 

2. To provide insight in the spatial pattern of dockless bike sharing used as access and egress 

mode to metro stations. 

➢ What methods can be used for identifying spatial patterns of bike sharing used as access and egress 
mode to metro system? 

➢ Which method is most suitable to analyse the spatial patterns? 

➢ What is the difference in the spatial pattern of bike sharing from and to metro stations? 

3. To identify factors that influence the use patterns of bike-sharing for connecting with the metro 

stations. 

➢ What are the factors that influence the usage of share bikes to metro stations based on literature? 

➢ What analytical methods have been applied in studying the influencing factors of share bikes as 
access or egress of metro? 

➢ Which method is most suitable for analysing the relationship between influencing factors and bike 
sharing use? 

➢ What are the possible reasons for the spatiotemporal patterns according to the factors? 

1.5 Thesis Structure 

This study consists of six chapters:  

Chapter 1 introduces the background and justification, research problem, research objectives and 

questions, as well as a conceptual framework. 

Chapter 2 reviews the literature about the development of the DLBS in China, the research values and 

methods to identify the spatiotemporal characteristics of shared bike use, and the classification of 

influencing factors, as well as the techniques to deal with the factors. 

Chapter 3 illustrates the study area, datasets and sources, as well as the method used to analyze the 

spatiotemporal characteristics of shared bike use and its influencing factors. 

Chapter 4 visualizes and analyses the use patterns of shared bikes that connect with metro system, as well 

as the impact of the influencing factors. Besides, this chapter presents the discussion for the results, and 

some recommendations based on the results. A reflection on the datasets and methodology was also 

presented. 

Chapter 5 presents the conclusions and recommendations for future research. 
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2 LITERATURE REVIEW 

This chapter provides an overview of the related research about the spatiotemporal patterns of bike-

sharing use and its influencing factors. The first part describes the current development of the shared 

bikes system in China, focusing on different purposes of using the system and the significance of shared 

bikes use for commuting trips. The second part mainly summarizes the general analytical methods used in 

different studies to identify the spatiotemporal distribution of shared bike use. In the third part, different 

visualization techniques are discussed based on different data types of shared bikes, so as to identify the 

spatiotemporal distribution characteristics of shared bike use. The fourth part summarizes the influencing 

factors that affect the distribution of shared bike use in different literature. This section also discusses the 

analytical methods used to analyse the relationship between these factors and the spatiotemporal 

distribution of shared bike use. 

2.1 Bike-sharing in China 

Due to its flexibility and convenience, the dockless bike-sharing system (DLBS), also known as the free-

floating bike-sharing system, or the fourth generation of public bikes, has largely replaced the traditional 

bicycle sharing system in most metropolitan areas in China (Li, Zhu, & Guo, 2019).  

 

This GPS-based novel public bike mode serves and facilitates many users with convenience and 

reasonable cost. Usually, for each bike, there is a unique QR code for users to unlock via a smartphone 

application. Users are required to register before the first ride and are charged with around 1 Yuan 

(around 0.2 Euro) if the trips are within half an hour or 15 minutes. The standard of charges is different 

among different operators (Ma, Zhang, Li, Wang, & Zhao, 2019).  

 

Many studies focused on understanding the DLBS use for different purposes. From one of the largest 

dockless bike-sharing operators in China, the Mobike company, with the support of Tsinghua University 

and Beijing Tsinghua Tong Heng Planning and Design Institute, published a report to summarize the 

usage patterns in the cities that launched the DLBS bikes. The report revealed that the DLBS plus public 

transport is the most efficient way to get around, especially for trips shorter than 5km. Meanwhile, this 

integration also reduces the travel time of longer trips more than 5km. Besides, one-third of the shared 

bike users use bikes for leisure, while one-fifth integrate the bike-sharing ridership with public transport in 

China (Mobike, 2017). From these statistics, it can be seen that the development of the DLBS has great 

significance for commuters to solve the first and last mile problem. Moreover, in many metropolis in 

China, such as Beijing, most of the shared bike trips were found around bus and metro stations, about 81% 

and 44% respectively. In Shanghai, the numbers are 90% and 51%, respectively. (Chen, van Lierop, & 

Ettema, 2020; Mobike, 2017).  

2.2 Spatiotemporal pattern identification of bike-sharing use  

In line with the description above, many researchers find that the bike-sharing system is a good way to 

connect with other transport modes such as metro and buses to increase bicycle or public transport use 

and solve traveling the first and last mile problem (Wang, 2018). Based on the type of bike-sharing system, 

many studies focused on the station-based shared bikes as a feeder mode. Wu, Gu, Fan, and Cassidy (2020) 

compared the influence of station-based shared bikes on connecting to public transit and concluded that 

shared bikes are cost-effective as access and egress of public transit. Similarly, De Souza, La Paix Puello, 



SPATIOTEMPORAL PATTERNS AND INFLUENCING FACTORS OF SHARED BIKES USE FOR METRO ACCESS AND EGRESS TRIPS 

 

6 

Brussel, Orrico, and van Maarseveen (2017) focus on the integration of bicycles and bus, train as well as 

metro to identify the main factors that influence the bike use as a feeder mode to public transport. Besides, 

some studies explored the relationship between shared bikes and metro system. Gu, Kim, and Currie 

(2019) considered that these two modes should interact with each other rather than replace each other 

when the metro line density increased. 

 

At present, there are fewer researches focused on the DLBS compared to the DBS, but more and more 

studies pay attention to better understand the DLBS. For example, Liu, Sun, Chen, and Ma (2019) 

demonstrated that dockless bike-sharing has an impact on the feeder bus of the metro system. From the 

study of Du and Cheng (2018), 51.3% of the DLBS users in the study area use the bikes to a transfer 

center of metro or bus, which is the most proportion comparing with the origin to destination trips and 

the travel cycle trips.   

 

However, the widespread use of dockless shared bikes has also brought some challenges. To provide 

insight for the usage of this novel transport mode so as to better deal with these challenges, different 

analytical methods are used to identify the spatiotemporal characteristics of bike-sharing use. Table2-1 

summarized the related work on dealing with the challenges through spatiotemporal use patterns 

identification. Many studies discussed parking disorder as users can return the bikes to any reasonable 

locations without a fixed standard. Cluster analysis such as K-means clustering, density-based spatial 

clustering are useful to investigate the similarity of usage patterns for the origins and destinations of the 

bike trips, which can help to determine the potential locations of the designated parking areas to guide 

users to park the bikes (Vogel, Greiser, & Mattfeld, 2011; Li, 2019; Yan, Tao, Xu, Ren, & Lin, 2018; 

Lahoorpoor, Faroqi, Sadeghi-Niaraki, & Choi, 2019; Liu & Lin, 2019). The rebalancing and reallocation 

issue, which refers to moving bikes from oversupply areas to the areas that need bikes, is also a hot issue 

(Zhao, Ong, Wang, & Hu, 2019). The matrix-based methods are usually based on the origin-destination 

pairs of bike trips, which helps identify the variation of the departures/arrivals and gives an insight for 

rebalancing issues. Moreover, there are also some researchers pay attention to the bike lane planning 

to cope with the development of the DLBS. Network-based methods are often used to address the bike lane 

related issues from a spatial aspect. The technique concerns more about the topological relationship 

between nodes and links, which using points to represent the start and stop locations, and using lines or 

segments to reflect the paths of bike trips. 
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Table 2-1: Related work about analytical techniques to identify the spatiotemporal patterns of shared bike use 

Elements Techniques Related work Methods Subjects/attribution DBS/DLBS 

Parking 

disorder 

Clustering-based 

analysis 

Zhang, Lin, and Mi 

(2019) 

density-based 

spatial clustering 

To identify the distribution of the origins and destinations of 

the trips so as to find out high density parking demand areas. 

DLBS 

Du, Deng, and Liao 

(2019) 

Hierarchical 

clustering algorithm 

identified the temporal usage pattern of the DLBS in the 

different neighborhoods of different sites 

DLBS 

Sun, Li, and Zuo 

(2019) 

K-means clustering To find out the characteristics of the locations of virtual 

stations of DLBS. 

DLBS 

Rebalancing Matrix-based 

methods 

 

Zhang (2018) Transition 

probability matrix 

To better understand the proportion of bikes in the bicycle 

parking area so as to further analyse the rebalancing process. 

DLBS 

Network-based 

analysis 

Pal and Zhang (2017) 

 

Greedy network To explore the spatial pattern of the shared bike use. DLBS 

Bike lane 

planning 

Network-based 

analysis 

Bao, He, Ruan, Li, 

and Zheng (2017) 

Greedy network 

algorithm 

To reveal the usage of the public bikes among different bike 

stations 

DBS 

Yang, Heppenstall, 

Turner, and Comber 

(2019) 

 

Graph-based 

visualization 

approach  

To investigate the bike-sharing usage change after the 

introduction of a new metro line 

DLBS 
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It is worth mentioning that more and more studies combining with visualization techniques to show the 

variations of the shared bike use from spatial and temporal aspects. This is a more intuitive way to give 

insight for understanding the shared bike use patterns from a more comprehensive perspective. 

Therefore, it can also give evidence to solve the management challenges mentioned above more 

comprehensively. 

2.3 Visualization techniques for spatiotemporal identification of bike-sharing use 

This section discusses the visualization methods according to different data contexts as well as 

visualization purposes. Generally, visualization methods enable researchers to better understand the time-

varying pattern and spatial distribution of shared bikes use (Du, 2019; Oliveira, Sotomayor, Torchelsen, 

Silva, & Comba, 2016). The first part is about the data context used for identifying the spatiotemporal 

characteristics of shared bike usage, which are point datasets and trajectory data. The second part will 

discuss the possible visualization methods based on the point data. The third part will focus on the 

visualizations of trajectory data. 

2.3.1 Data context for bike-sharing spatiotemporal patterns identification 

The DLBS is equipped with GPS records and internet-controlled locks to provide online services for users. 

To some extent, it is an opportunity for transport operators and related researchers to obtain the 

automatically collected trip records related to renting, returning and real-time locations data of bikes (Du, 

Deng, & Liao, 2019). Therefore, based on the large-scale data, some research pays attention to process the 

datasets and extract useful information to better understand the characteristics of shared bike use. In 

general, these related works can be classified into the visualizations based on “point” datasets, and the 

visualizations based on “trajectory” datasets. 

 

On the one hand, due to the data availability, it is challenging to acquire the real trajectory data from open 

datasets. Thus, some researchers use points datasets. Unlike the station-based bike-sharing system, where 

the exact start and stop time and locations of trips can be obtained from the smart card, the point datasets 

of the DLBS used in most studies only consists of all the available bikes’ locations. The data scheme of 

this kind of dataset usually includes the timestamp, bike ID, and geolocation to show the available bikes’ 

distribution and provide information for users to locate the available bikes nearby. Some studies extract 

the origins and destinations of the bike trips from this type of dataset (McKenzie, 2019; Xu, Ji, & Liu, 

2018; Wu, Wang, & Li, 2018; Lin, Zhang, Zhu, & Meng, 2019). There are also studies that combine the 

point dataset with other location-based datasets such as social network data to find out the use patterns of 

shared bikes with different spatial variables (Yang, Ding, Qu, & Ran, 2019). 

   

On the other hand, some studies use trajectory data to analyse the spatiotemporal characteristics of bike-

sharing use. Lin, Zhang, Zhu, and Meng (2019) used road network, metro station-related data, and dock-

less bike trajectories from the Mobike company. The order ID, anonymous user ID, bike ID, and specific 

trajectory sampling points with timestamps and locations are included in the dataset. The authors modified 

the actual routes for shared bike trips by comparing them with the road network on the map based on the 

raw data for further identification. However, not all trajectory datasets can be used for analysis directly. 

Zhang and Mi (2018) estimated the trip distance of shared bikes to identify the spatial characteristics and 

users’ preference using a similar trajectory dataset, but the dataset used in the study lacks temporal 

information with only a collection of chronologically unordered track points.  
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Figure 2-1: Temporal variation of clusters 

 ( Source: Li, Zhu, and Guo (2019)) 

 

Looking at the literature on the bike-sharing systems, whether DBS or DLBS, the spatiotemporal analysis 

of their use is basically based on the two types of data discussed here. However, minimal research 

generated the trajectories based on the point datasets. In order to have a more comprehensive 

understanding of the distribution of shared bike use, it is important to know the cycling routes hot spots 

for spatiotemporal identification. 

2.3.2 Visualization methods for point data 

Different visualization tools can help 

to illustrate the spatiotemporal 

distribution of shared bike usage. On 

the one hand, line graphs, 

histograms, box plots are often-

used visualization methods to 

illustrate the temporal intensity or 

the distance distribution of shared 

bike usage. Yang, Heppenstall, 

Turner, and Comber (2019) used line 

graphs to show the daily variation of 

shared bikes usage in a week. They 

also extracted the origins and 

destinations from the available 

shared bikes  

dataset and made a histogram to show  

the association of the linear distance between the origins and destinations with the trip frequency. Some 

studies considered the travel time between the O-D pairs instead of linear distance to show users’ time 

preference (Du, 2019; Wu, 2019). Besides, line graphs often used to indicate the variations of the groups 

generated by the clustering analysis. Li, Zhu, and Guo (2019) used line graphs (Figure 2-1) to reveal the 

differences among the five clusters generated by K-means clustering analysis based on the daily variations 

of the number of Mobikes near metro stations. 

 

On the other hand, heat maps or density maps are used to show the hotspots of the shared bike use in 

the study area. In order to explore the relationship between the spatial distribution of bike trips and other 

traffic facilities or land use types, Du (2019) used a heat map (Figure 2-2) to show the hot spots of bike 

trips’ origins and destinations based on different time slots, and they found the metro stations attracted 

most of the shared bike trips. Density maps are also used to identify the distribution patterns of trip 

origins and destinations. Yang (2019) made a Kernel Density map (Figure 2-3) in ArcGIS to reveal the 

spatial pattern variation of shared bike use around major metro stations.  
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Figure 2-2: Heat map of origins and destinations distribution of shared bikes 

(Source: Du (2019)) 

In addition, because the actual paths between the origins and destinations of the trip is uncertain 

according to the point dataset, graph-based flow maps (Figure 2-4) are used to show the number of trips 

between each O-D pair instead of studying the specific path. For example, Du (2019) and Yang(2019) 

used graph-based network analysis to make a flow map (Figure 2-5) with different thickness or schemed-

colour lines represent the number of trips showing the information on the trip frequency around the 

metro stations. Dendrogram (Figure 2-6)is often used to show the temporal usage patterns of shared bikes 

around metro stations based on hierarchical clustering (Du, 2019). Moreover, grid-based visualization 

(Figure 2-7) methods are useful for matrix-based techniques such as the EigenDecomposition approach, 

trip chain, and transition matrices. The authors usually aggregate arrival trips or departure trips in a fixed-

size grid cell to see the trip distribution characteristics (Zhang, 2018; Xu, 2019).  

 
Figure 2-3: Kernel density of bike trips                 Figure 2-4: Road segments for DLBS network 

(Source: Yang (2019))                              
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Figure 2-5: O-D proportion Flow map         Figure 2-6: Dendrogram of Hierarchical Clustering results 

(Source: Du (2019)) 

 
Figure 2-7: Grid-based visualization to show the daily bike trips (Source: Zhang (2018)) 

There are also some novel visualization techniques to combine more information into one figure. Du 

(2019) made a space-time cube (Figure 2-8) where x-y coordinate axes represent planar positions and the 

z-axis shows the time period to give an idea 

about the usage frequency of the DLBS 

combining both the spatial and temporal 

characteristics. Oliveira (2016) defined a new 

type of trips matrix combined with 

geolocations (Figure 2-9) to reveal the incoming 

trips for selected bike stations located near a 

commuting hub on weekdays. 

2.3.3 Visualization methods for trajectory data Figure 2-8: Space-time cube about check-in and check-out frequency 

Source: (Du, 2019) 
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Generally, visualizations based on 

trajectory data is not sufficient yet. 

Most of the studies that visualized this 

kind of dataset to show the most 

popular cycling routes. Bao, He, Ruan, 

Li, and Zheng (2017) used GPS 

trajectory data from shared bike 

company to construct a heat map for 

the paths of the trips to reveal the 

most frequently used paths as 

evidence for the bike lanes 

improvement. Besides heat maps, 

O’Brien (2014) estimated the bike 

trajectories based on the New York 

Citi Bike origin and destination data, and visualized the usage frequency of the routes with lines in 

different thicknesses, which is easy to identify the high utilization routes.  

 

From the literature it can be concluded that, most of the visualization methods are used for the point data. 

The visualization methods used for trajectory data are very limited. In this research, different visualization 

techniques combined with big geodata processing will be used to identify the hotspots of the shared bike 

use patterns from both O-D points and trajectory aspects.    

2.4 Factors associated with spatiotemporal characteristics of bike-sharing use 

After analysing the spatiotemporal distribution of shared bike usage, many studies have further explored 

the factors that influence the spatiotemporal use patterns. This section first summarizes the factors 

associated with the bike-sharing use from different dimensions, and then summarizes the analytical 

methods used to reveal the relationship between these factors and the spatiotemporal characteristics of 

shared bike use. 

2.4.1 Cost-related variables 

The travel cost of the bike-sharing is very important for some users. Some studies also consider the cost 

of shared bikes as an influencing factor of using shared bikes. Li, Zhang, Sun, and Liu (2018) did a survey 

and considered the satisfaction of the DLBS fare as an indicator to show the user’s attitude of the share 

bikes. Similarly, Guo, Zhou, Wu, and Li (2017) also did a survey and used satisfaction with the bike-

sharing fee as a variable to affect the DBS bike usage. The studies revealed that satisfaction with the 

shared bike fee has a positive influence on bike usage. From these studies, cost-related variables are 

basically relevant to surveys. People with different income levels often have different degrees of 

satisfaction with the cost-related variable. Therefore, this factor is difficult to measure to some extent. 

2.4.2 Socio-demographic variables 

Some studies considered the influence of the users’ personal characteristics, such as age, gender and 

employment type/status. Mobike (2017), indicates that 70% of the bike-sharing users are under 40 years 

old. Employees and college students have a high adoption of bike-sharing because they usually use the 

bikes for fixed commuting needs. From the report, there are no significant gender differences among 

users. 

 

Figure 2-9: Trips matrix combined with geolocations 

Source: (Oliveira, 2016) 
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Most of the variables that come from the socio-demographic dimension are population-related. Du, Deng, 

and Liao (2019), used population size and proportion of migrants as indicators to predict the shared bikes 

use frequency in different districts of the case study area, Shanghai. Alcorn and Jiao (2019) analysed the 

surrounding population of the bike-sharing station in major cities in Texas to identify the relationship 

between bike-sharing utilization and population distribution. Similarly, Bao, Shi, and Zhang (2018) 

considered population density, non-white population as independent variables associated with public bikes 

ridership in the city of New York.  

 

However, due to the availability of the data, the related information on bike-sharing users, such as age, 

employment is not easy to obtain from the secondary dataset (Lin, Zhang, Zhu, & Meng, 2019). Some of 

the studies did surveys for the information of users, which is very costly. But it is difficult to ensure the 

response rates and accuracy, which leads to a series of problems such as inadequate sample sizes and 

restricted study generalizability (Ji, Ma, Yang, Jin, & Gao, 2018). The population-related datasets are 

available, but often not sufficiently detailed at a neighbourhood or at a more specific level in case study 

area, which is not helpful for this research.     

2.4.3 Built environment variables  

Although many studies analysed the relationship between socio-demographic variables and shared bike 

trips. Most of the studies based on secondary GPS data, pay more attention to built environment variables. 

The definition of the built environment is the human-made environment that provides necessary settings 

for human activity (Roof & Oleru, 2008). In order to determine the factors affecting the use of shared 

bicycles and their spatial and temporal distribution, factors from the built environment are summarized 

into three main dimensions, which are transport infrastructure, land use, and accessibility.  

 

For the dimension of transport infrastructure, the indicators related to the road conditions such as the 

road density, slope, road straightness, the number of road intersections, and the density of major or minor 

road are often considered; other indicators in this dimension focused on the infrastructure of specific 

transport mode, such as the density of bus stations, metro stations, and the public bike station, as well as 

the length of the bike-lane (Wu, Lu, Lin, & Yang, 2019; Ji, Ma, Yang, Jin, & Gao, 2018, Alcorn & Jiao 

2019; Lin, Zhang, & Meng, 2019; Caggiani, Camporeale, Ottomanelli, & Szeto, 2018).   

 

For the dimension of land use, three main sub-dimensions are used for analysis. First is the impact of 

specific land use, such as green area, commercial, or office area (Ma, 2019). Second, land use diversity, 

including Shannon entropy based on different categories of land use (Shen, 2018). Third, land use 

density, such as floor-ratio of residence or commercial buildings (Shen, 2018).  

 

For the dimension of accessibility, two sub-dimensions are included. One is access to activities, such as 

work, leisure (Wu, Lu, Lin, & Yang, 2019); the other one is the distance to public transport, such as the 

distance to metro stations, bus stations, and the DLBS bikes (Zhao, 2019; Shen, 2018). 

 

In summary, most of the related work paid more attention to the land use characteristics when they 

discuss about factors from built environment dimension, which is more physical and based mainly on 

secondary data. Thus, the research will not restrict by the sample size of the survey. Generally, this 

dimension contains almost all physical factors link to human activities, which is more related to the 

objectives of this study.  
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2.4.4 Weather-related variables 

Weather-related variables are mainly about the influence of temperature and precipitation on the use of 

shared bikes. The studies considered this dimension are usually based on a long-term dataset to show the 

variation of weather for more than one week. For example, Shen (2018) analysed 10-day data of the 

dockless bike-sharing system in Singapore to understand the effect of accumulated precipitation and the 

average temperature on bike usage. Other research concerned the impact of weather can be found in the 

work of El-Assi, Salah Mahmoud, and Nurul Habib (2017) as well as Corcoran, Li, Rohde, Charles-

Edwards, and Mateo-Babiano (2014). It can be seen from these studies that to investigate the relationship 

between the use of shared bikes and weather-related factors, it is necessary to have a long-term scope to 

ensure that the weather changes will affect the use of shared bikes. 

2.4.5 Summary of the factors associated with the shared bike use patterns 

All the indicators from the four main dimensions are summarized in the table below (Table 2-2). 
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Table 2-2: Summary of the related influencing factors 

Categories Dimensions Indicators Reference 

Cost Satisfaction  Satisfaction with the shared bike 

using fee 

Li, Zhang, Sun, and Liu 

(2018); 

Guo, Zhou, Wu, and Li (2017) 

Socio-

demographic 

Personal 

information 

Age, gender, employment Mobike (2017) 

 

Population  population and proportion of 

migrants, population density, 

non-white population 

Du, Deng, and Liao (2019); 

Bao, Shi, and Zhang (2018) 

 

Built-

environment 

Transport 

infrastructure 

Road density, slope Wu, Lu, Lin, and Yang (2019) 

Density of bus stations/metro 

stations/bike share stations/road 

network 

Ji, Ma, Yang, Jin, and Gao 

(2018) 

Length of proximate high-

comfort bikeways/sidewalk, 

primary road density 

Alcorn and Jiao (2019) 

Road straightness, bus station 

number 

Lin, Zhang, Zhu,  Meng (2019) 

The number of road 

intersections 

Caggiani, Camporeale, 

Ottomanelli, and Szeto (2018) 

Bike-lane length Bao (2018); Du (2019); Shen, 

Zhang, and Zhao (2018) 

Land use The number of hotel/ shopping 

mall/ living service/ leisure/ 

education/ real estate/ tourist 

site/ government/ corporations/ 

park and green area/commercial 

and office area/ residential area 

Du (2019); Wu, Lu, Lin, and 

Yang (2019); Xinwei Ma, Cao, 

and Jin (2019); 

Ma (2019) 

Land use diversity Wu, Wang, and Li (2018); 

Shen (2018) 

Land use density  Shen (2018) 

Accessibility  Access to 

Residence/work/commercial/par

k/leisure/ public transportation 

Wu, Lu, Lin, and Yang (2019) 

Access to the dock-less shared 

bikes 

Zhao (2019) 

Access to metro stations Shen (2018) 

Weather temperature Average temperature Shen (2018);  

El-Assi, Salah Mahmoud, and  

Nurul Habib (2017); 

Corcoran, Li, Rohde, Charles-

Edwards, and Mateo-Babiano 

(2014). 

Precipitation  Accumulated precipitation 
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In conclusion, only the land use-related factors from built environment variables are used to explore 

the relationship between shared bike use patterns and possible influencing factors in this research. The 

next section will discuss the promising methods to analyse the association of factors and shared bike use 

patterns. 

2.4.6 Methods to reveal the relationship between the influencing factors and shared bike use 

The related analytical methods can be classified mainly into two categories. First, some regression 

methods can help to explore the relationship between selected variables and the use frequency of shared 

bikes. Among them, geographically weighted regression is often used for analysing spatial heterogeneity 

because it allows users to estimate parameters at different places in the study area if the spatial coordinates 

are available (Ji et al., 2018). Second, there is also some related work focused on predicting the shared bike 

use based on the indicators from various dimensions through a more sophisticated approach such as 

Random Forest (RF). The related methods are listed in the table below (Table 2-3).   

Table 2-3: Summary of Analytical techniques to analyse the influencing factors 

Reference Methods subjects 

Ma (2019); 

Yang (2019); 

Bao (2018) 

Geographically Weighted  

Regression (GWR) 

To quantify the influence of different 

spatial variables on bike-sharing usage.  

Ji (2018) Geographically Weighted 

Poisson Regression 

(GWPR) model 

To investigate the relationships between 

the bikeshare-metro transfer frequency and 

built environment variables. 

Liu and Lin (2019) Multinomial logit 

regression (MNL) 

To clarify the association of built 

environment variables with the 

spatiotemporal patterns of the public bike-

sharing use. 

Alcorn and Jiao (2019) Stepwise multiple variable 

regression 

To analyse the effect of different built 

environment indicators on the usage of the 

shared bike.  

Du (2019) Random forest To evaluate the contribution degree of 

some potential variables that have an 

impact on bike use. 

Qian, Pianura, and 

Comin (2018) 

 

Boosting Gradient 

Regression (BGR) 

To predict the number of rental and returns 

of bikes based on different built 

environment variables. 

Generally, from the related research, different regression models are often used to explore the association 

between different variables and shared bike use patterns. Logistic regression is a very useful and 

straightforward method to model categorical outcome variables (Liu & Lin, 2019). However, the 

categorical variables in this method are binary decision variables (for example, Yes/No), which is not 

suitable for the shared bike datasets (Jakaitiene, 2018). 

 

The global regression such as the linear regression that based on the Ordinary Least Square (OLS) model 

is often used to create equations that best describe the overall data relationships in a study area (Esri, n.d.-

b). However, global model is hard to explain the regional variation. Thus, GWR model as a local model is 

commonly used as an extension of global model to estimate parameters locally and better portray the 

relationships among the dependent and independent variables (Zhao, Chow, Li, & Liu, 2005).  
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In general, geographically weighted regression (GWR) model is often proposed to address the spatial 

heterogeneity problem when modelling spatially aggregated data, which is suitable for the land use-related 

variables (Ma, 2019; Yang, 2019; Bao, 2018). This method helps users to estimate parameters at any place 

in the study area (Ji, 2018). Generally, the GWR model is widely applied in public transit forecasting and 

evaluating (Zhao, Chow, Li, & Liu, 2005), travel demand prediction (Cardozo, García-Palomares, & 

Gutiérrez, 2012), as well as traffic safety estimation (Bao, Liu, Yu, & Xu, 2017). It is easier for planners 

and transport engineers to understand and analyse traffic phenomena in practical application compared 

with the complicated machine learning method such as Random Forest (RF) or Boosting Gradient 

Regression (BGR) analysis, which are often used for prediction of the usage based on the predictor 

variables that have complex intersections without a distributional assumption about the variables (Bao, 

2018; Du, 2019). Thus, the GWR is the most promising method to analyse the influencing factors 

on the shared bike use in this study.  

2.5 Conceptual Framework 

Based on the literature review, the conceptual framework (Figure 2-10) shows the main concepts in this 

study. The dockless bike sharing system has been a popular mode to connect with the metro as an 

environmentally-friendly way to solve the first and last mile problem in Chinese cities (Lin, Zhang, Zhu, & 

Meng, 2019; Chen, 2019). In order to promote the development of the DLBS system as an efficient way 

to connect to the metro, it is important to better understand the spatiotemporal patterns and the 

influencing factors of the DLBS activities. From literature, visualization techniques based on data 

processing are used to reveal the spatiotemporal characteristics of bike-metro trips. The influencing 

factors from different attributes were reviewed in the literature. The land use related factors from built 

environment dimension are determined to help explain the activity patterns of bike sharing usage through 

the geographically weighted regression.  

  

 
Figure 2-10: Conceptual framework 
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3 STUDY AREA AND RESEARCH METHODOLOGY 

3.1 Study area 

3.1.1 General description of study area 

 

Figure 3-1：Study area, Xi’an City, China 

In this study, a Chinese city, Xi’an (Figure 3-1), is selected as a case study city. It is the capital city 

of Shaanxi Province in the central of China. The total area of the city is 10,752 square kilometers, with a 

permanent population of 10.37 million in 2018. There are 11 districts and two counties under the 

jurisdiction of Xi'an Municipal Government, 7 districts of which belong to the central city of Xi’an. The 

https://en.wikipedia.org/wiki/Shaanxi
https://en.wikipedia.org/wiki/Northwest_China
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study area in this research only including the central city which locates within the city beltway (7 districts 

are included in the central city: District Xincheng, Beilin, Yanta, Lianhu, Weiyang, Baqiao and part of 

Xixian). There is a high-tech development zone located on the southwest of the city shows on the map.  

 

There is a rapidly developing metro network in this city. Since the operation of the first metro line in 2011, 

by the end of 2018, 4 metro lines were operating in Xi'an, with a total mileage of 132.45 km and 99 

stations. The average daily traffic volume of metro system in Xi’an reached 2,020,000 passengers, ranking 

ninth in China in 2018 (Official website of Xi'an Metro, 2019). Xi'an is also one of the cities that allowed 

the launch of bike sharing in the early stage of the DLBS development. There were multiple operators of 

shared bicycles in Xi'an by the end of 2017. However, the boom of the DLBS has also brought some 

challenges for management (Chen, 2019). Therefore, regulations have been enacted to control the number 

of shared bicycles put into the market by the Ministry of Transport (Ministry of Transport of the People's 

Republic of China, 2018). Recently, only three different operators were agreed to provide shared bikes 

into operation in the city, so the number of shared bicycles tends to be stable. By March of 2019, more 

than 450,000 bicycles have been put into the market by the three enterprises that have obtained the 

admission qualification (Xi'an Municipal Government, 2019). 

3.1.2 The development of shared bikes in Xi’an 

First, by the end of the first half of 2017, a bike-sharing company called “ofo” has launched about 100,000 

shared bicycles in the market of Xi’an. Then the Kuqi and MoBike companies successively landed in Xi'an, 

with the market launch of about 90,000 and 100,000 (IXi’an, n.d.). After that, there are more and more 

brands of bike-sharing came into the market, which resulted in a blowout in the number of bicycles. 

Therefore, by the end of 2017, the office of Xi'an traffic management committee, in conjunction with four 

departments including the Municipal Urban Administration Bureau, the Municipal Administration for 

Industry and Commerce, and the traffic police detachment of the Municipal Public Security Bureau, jointly 

notified four major DLBS operation enterprises (ofo, Kuqi, MoBike and oxo) and asked all bike-sharing 

enterprises to "suspend the release of bikes" (Xinhua News, 2018). Due to the competition among 

different DLBS companies and government regulation, as well as some financial issues, some bike-sharing 

operators have declared bankruptcy and gradually withdrew from the market. As the development of bike-

sharing in Xi'an, the bikes from Kuqi and oxo have disappeared, and the company of ofo has also declared 

bankruptcy. Another two brands were allowed to enter the market and added 90,000 operating bikes. So 

far, the number of shared bikes in Xi’an has reached 510,000, which including the bikes mainly from 

MoBike, HelloBike, and Qingju bike. This novel public transport mode serves and facilitates many users.  

3.2 Research methodology 

In this section, all the methods used in this study will be introduced. First, a work flow of all the methods 

will be summarized. Second, the various datasets and the sources used for the research will be described 

in detail. Third, based on the data used, the following section will discuss about all the data processing 

procedures to extract useful information for further research. After completing the data processing, the 

next phase is to identify the spatiotemporal distribution of the shared bikes use in the study area using 

different visualization techniques. The hot spots of the origins and destinations, and cycling routes will be 

identified. Finally, the factors related to land use will be analysed with the observed cycling use patterns to 

provide evidence for the improvement of the shared bike system. 
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3.2.1 Research approach 

In general, this research is mainly based on large-scale data processing and visualization based on the GPS 

point data of shared bikes. Specifically, the methodology of the research can be divided into three blocks 

(Figure 3-2 below). The first block is data processing in the environment of Python 3.4 to extract origin 

and destination information from the shared bike dataset, which forms the basis for the subsequent 

analytical steps. The second block analyses the spatiotemporal distribution characteristics of shared bikes 

using the processed data with origin and destination information. The third block will focus on the 

influence of factors related to the land use on the characteristics of shared bike use based on the riding 

origin-destination distribution. The following flowchart summarizes the design of the methodology for 

this research. 
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Figure 3-2: Methodology work flow 
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3.2.2 Datasets and sources 

Based on the research design, this section will introduce all the datasets used in the study. All the data used 

in the research is secondary data. The datasets include: 1) the 3 workdays shared bike data which shows 

the available bikes; 2) the Point of Interest data extracted from a Chinese Map Server, Baidu Map (Baidu, 

2020); 3) transportation data includes the road network and the metro system.  

3.2.2.1 Bike Sharing GPS data 

As the focus of the research is to analyse the spatiotemporal patterns, stated data from survey is not able 

to ensure randomness and sufficient samples. Thus, program was set up to collect DLBS availability data 

via application programming interface (API). The data is from a bike sharing company with the largest 

market share in Xi'an, named Mobike. The metadata consists of available bikes with the temporal 

resolution for every minute. The data can only be collected when the bikes keep still and once the bikes 

moved, the GPS data would not return to the system. Considering the weather conditions and the data 

availability, three workdays data without strong wind and rainfall was included, which are September, 3rd 

(Monday), September 7th (Friday), and September 10th (Monday) in 2018. The three-day data stored in 

three different files, which contains about 600 csv files respectively. For each csv file, the average number 

of the records is 150,000. Thus, the total number of the daily records in the raw data is around 90 million. 

The data frame including the time stamp, ID of the locked bike with longitude and latitude. The format of 

data is illustrated in Table 3-1 below.  

Table 3-1: Example of bike sharing data available 

Timestamp Bike ID Longitude Latitude 

2018/9/3 8:39 8610034043# 108.8678 34.19164 

2018/9/3 8:39 0296575157# 108.8679 34.19168 

2018/9/7 8:40 8630826701# 108.617 34.30878 

2018/9/10 8:40 0296541132# 108.6085 34.30835 

3.2.2.2 Points of Interest (POI) 

The points of interest data were often used as land use in the related work. POI is defined as a specific 

point of location that someone may find useful or interesting. From the study of Faghih-Imani, 

Hampshire, Marla, and Eluru (2017), the Points of Interest (POI) can result in higher trip generations and 

attractions. Most consumers use this term when referring to restaurants, hotels, park or any other 

categories applied in digital maps. Some previous studies have suggested that the POIs associated with 

different public transport systems have great potential to reveal travel patterns and possible trip purposes 

(Bao, Shi, & Zhang, 2018). Therefore, POI as a new type of electronic map data of land use can quantify 

the precise land use and related infrastructure characteristics, which provides a good way for many 

research to reveal the influence of different land-use types on a bicycle sharing system (Ma, 2019).  

 

Many studies investigated the relationship between the land use and the shared bike use patterns by POIs 

data instead of the traditional land use dataset. For example, Zhao et al. (2019) and Bao (2017) used the 

POI data to explore the relationship between the hot spot distribution of cycle routes and land use type to 

provide a reference for bike lane construction. There are also some other researchers combined the POIs 

data with the bike parking hot spots to estimate the shared bike use patterns (Yang, Ding, Qu, & Ran, 

2019; Shen, Zhang, & Zhao, 2018). From these studies, the POIs can help explain the distribution of 
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origins and destinations of shared bike trips, and the number of a specific type of POI (e.g., residences, 

employments) as a factor is useful to analyse the influencing factors of bike sharing usage. Thus, in this 

research, the POIs dataset is used as the source of land use related factors for the analysis. 

➢ POI data extraction 

Datasets of POIs were obtained from a Chinese web mapping service application called Baidu Map using 

an application programming interface (API). The process of extracting the Points of Interest datasets 

including several main sub-processes. First, register an account to get a key for developer certification on 

the open platform of Baidu Map. Second, obtain the coordinates of the city boundary, and calculate the 

maximum and minimum longitude, latitude to cover the city by a large rectangular range. Third, according 

to a certain distance, divide the large rectangle into some small rectangles, and obtain the boundary 

coordinates of the small rectangles. Then, require the POIs of Baidu map, import the coordinates of the 

small rectangle borders, and the name of different POI types to get the data. The required POI datasets 

based on the Baidu coordinate system cannot be visualized directly, thus, a coordinate system 

transformation process is necessary. The flowchart in the Appendix 1shows all the processes to acquire the 

Points of Interest datasets. 

➢ Example of extracted POI data 

The data consists of many different categories of facilities: residence, job, commercial, life service, green 

space, recreation, education, health care, government (See the official classification in the Appendix 2). The 

information of all the classes is similar with the table (Table 3-2) below.  

Table 3-2: An example of residence POI data 

Name Longitude Latitude District Address Type 

Changle Fang Community 108.9706 34.2646 Beilin District  Wudao Shizi South Street residence 

Jiayi Community 108.9409 34.2279 Yanta District  104, Chang’an Road residence 

3.2.2.3 Road Network Dataset 

The land use and road network dataset in Xi’an city can be obtained from Open Street Map. As the road 

network dataset is also from the year 2018, which the metro line 4 was still not opened to the public. Thus, 

the figure below only showed the location of the line 4 without stations (Figure 3-3).  

https://en.wikipedia.org/wiki/Web_mapping
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Figure 3-3: Road network and distribution of metro stations (Line1-3) 

3.2.2.4 Data summary 

Table 3-3: Data summary 

Dataset Format Date Source 

Mobike GPS data csv files September3,7,10 

(2018) 

Mobike API 

Points of  interest csv files 2018 Baidu Map Server 

Road network data shapefile 2018 Open Street Map 

3.2.3 Data pre-processing 

(1) Duplicate data cleaning 

According to related research, when the shared bikes are locked, it is possible to see the GPS abnormality, 

and multiple records are returned at the same time. In this case, all the duplicated records need to be 

removed. Therefore, the three-day shared bike data is checked according to the bike id. If there are 

multiple pieces of returned records and the field information is consistent, the duplicate data needs to be 

deleted.  

(2) Define the geographical boundary of data  

The shared bike and POI data contain a large amount of data outside the study area, which will increase 

the computation time. Thus, filter all these data. It is necessary to determine the latitude and longitude 

boundaries according to the delineated study area. Therefore, the latitude and longitude boundary of the 

study area is identified by the coordinate identifier of Baidu map. In the Python environment, enter the 
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range of longitude and latitude, and filter the data according to Equations in Appendix 3, leaving only the 

shared bike data located in the study area. 

(3) Filter outliers 

The shared bike data for each day has cross-day records that start at midnight and continues until the next 

day. These records are not into consideration in this research. The filtering method is: the date and time of 

the timestamp field are extracted using "datetime" function in the Python environment. Filter the records 

with cross-date. 

3.2.4 Data processing 

The data processing procedures described in this section are the basis for the following visualizations. The 

extraction of the O-D of shared bike trips are the most important step. The other processing procedures 

are all based on this.  

3.2.4.1 Extract origin-destination trips from the available shared bikes dataset 

Extracting useful origins and destinations information of the shared bike trips from the raw data is mainly 

performed in the Python 3.4 environment, which can be mainly divided into five processes.  

1) Step 1, the raw data needs to be integrated on a daily basis, and all records in the csv files contained in 

the folder of each day are organized into a new complete data frame.  

2) Step 2, in the new data frame generated in 

the previous step, sort the values by the “id” 

and “time” columns of the table; A first-

order difference function is used to compare 

the difference between the longitude or 

latitude record of the same bike after the 

time order and its previous as well as next 

records. Diff(-1) represented the longitude 

value minus the longitude value of the 

previous row, diff(1) means the longitude 

value of this row minus the value of next 

row. Filled all the missing values as zero. All 

the results of that are not zero from the difference function are reserved and stored into the new data 

frame. (Figure 3-4) 

3) Step 3, copy the data frame obtained in the previous step and delete the first record in the left table and 

the last record in the right table followed by 

joining the two tables horizontally. Rename 

the header of the table to get a new data frame 

containing the origin-destination information. 

(Figure 3-5) 

 

4) Step 4, sort out the “time” of the origins 

and destinations, and extract the time from the 

datetime to calculate the duration between OD 

pairs (unit: Second). The output table shows in 

Figure 3-6. 

5) Step 5, using mathematical method to 

Figure 3-4: An example of the result of “diff” function 

Figure 3-5: Results of new O-D dataframe 
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Figure 3-6: Result of extracting start and stop time 

calculate Linear Distance between each O-D pair according to the longitude and latitude values. The 

calculation formula is in Appendix 4. 

After the Origin-destination extraction, 

several bikes were selected to plot all the GPS 

locations for three days to check the accuracy 

of the GPS service. The locations of the same 

bike changed a very short distance during a 

very short time period are considered as the 

GPS error. Thus, the trips with linear distance 

less than 100 meters or the duration less than 

1 minute were removed to avoid the GPS 

deviation.  

 

Considering the objective of this research is the commuting trips used to connect with metro system, thus, 

the trips with linear distance more than 5km or the O-D duration more than 1 hour were also not 

considered. The final output table with the linear distance and duration shows as Figure 3-7. 

 
Figure 3-7: The final results 

All the workflow of origin-destination extraction shows in the flow chart in Figure 3-8. 

 
Figure 3-8: The final results 
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3.2.4.2 Identification of metro-related bike trips 

In this study, an assumption is made to identify the DLBS-metro trips. The assumption is that, the origin 

or the destination of a bike-metro trip is located in a 100-meter buffer zone of a metro station entrance. 

This assumption is consistent with that of Wu (2019). To identify the related trips based on the 

assumption, a filtering process was operated in ArcGIS 10.7. As the imported dataset in the ArcGIS 

included both the origin and destination information in the same row, the origin or the destination of each 

row can only be displayed in the layer at a time. Thus, the process to identify the metro-related trips need 

to consider both the origins and destinations of trips, which means the process need to import data with 

the origins (start point) and destinations (stop point) respectively. Besides, there are usually more than one 

entrances for each metro station in Xi’an city, all the detailed geolocation of the entrances was obtained 

from the “entrance and exit” category of POIs data. The “spatial join” function was used in ArcGIS to 

distinguish the origins (start points) or the destinations (stop points)  that located within the buffer zone. 

The input “Target Feature” is the point layer, and the “Join Feature” is the buffer polygon layer. The value 

of the "Join_count" field in the attribute table generated after the spatial join operation can be used to 

determine the point in the buffer area. Figure 3-9 simply shows the origins and destinations of bike-metro 

trips located within the buffer area. Figure 3-10 is the flow chart of the whole process of metro-related 

shared bike trips identification. 

 
Figure 3-9: Example of the process to identify metro-related trips 
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Figure 3-10: Work flow of identifying metro-related bike trips 

3.2.4.3 Integration of origins and destinations of metro-related bike trips 

Specifically, after identifying the shared bike trips that connect with metro stations, two different types of 

metro-related trips are defined here: the origin points locate in the buffer area of the metro station 

entrances and the destination points locate in the buffer of the metro station entrances. As the distribution 

of the origins of “toward metro station” trips and the destinations of the “from metro station” trips are 

scattered, it is difficult to find out a trend of the cycling flows. Therefore, a method was provided to 

integrate the origins and destinations onto the centroids of 100*100 m2 cells. Specifically, “spatial join” 

function in ArcMap 10.7 was used to generate the information about the ID of the metro stations (as 

origins) and destinations in the “from metro station” trips, and the origins and metro stations (as 

destinations) in the “toward metro station trips”. To obtain the number of trips between each integrated 

O-D, a calculation based on “groupby” operation of “pandas” package in Python 3.4 environment was 

used to calculate the real trips count from the metro stations (as aggregated origins) to aggregated 
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destinations, or from the aggregated origins to the metro 

stations (as aggregated destinations). The idea is to group 

the data by the ID of aggregated origins and destinations, 

and count the trips between each integrated O-D. Figure 3-

11 is an example of the result after the process. 

 

All the steps before are the preparation process for 

visualization and hotspots extraction. On the one hand, 

input the tables generated above on the Flourish online 

visualization platform, the flow maps can be created to 

show the distribution of all bike-metro trips that start from 

(or stop at) metro stations. On the other hand, after adding 

coordinates of the new O-Ds by “join” function in ArcMap 

10.7, the output can be used as the input for the cycling 

trajectory generation in the next step. Figure 3-12 is the 

screenshot of the attribute table in the final step of the 

process. 

 
Figure 3-12: Output table with the location of aggregated ODs 

(Note: in this table, the start_x, start_y, stop_x, stop_y are the coordinates of the centroid of the tessellation or buffer.) 

All the steps in detail are summarized in the flow chart in Appendix 5.  

3.2.4.4 Cycling trajectory generation 

The cycling trajectory generation process is also in the Python environment. As the real routes of the 

shared bike trips are not available in the dataset, an algorithm based on the Route Plan Application 

Programming Interface (API) of Baidu Map server will be used to help generate the trajectory based on 

the origin and destination dataset generated in the previous section. Route plan service (also known as 

Direction API) is a set of REST-style web service APIs that provides route plan services in the form of 

HTTP/HTTPS. Currently, the Direction API supports bus, cycling, and driving route planning, and the 

Direction API supports mainland China (Baidu, 2019). 

 

Import the location of origins and destinations obtained in the previous step according to the rules of the 

API of Baidu, the optimized trajectory of each O-D will be returned as one csv file that consists of all the 

trajectory points. In each csv file, several rows represent the trajectory points between the imported O-D 

Figure 3-11: Aggregated O-D table with the 

number of trips between each OD (“from metro 
station trips”) 
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pair. The record of each row includes the bike ID, the start and stop time and location of the imported 

origin and destination. Besides, the duration and linear distance of the imported O-D pair are also 

included. The “DistanceOnline” and “DurationOnline” shows the distance and riding time of the real 

cycling routes of each imported O-D pair. The last two columns record the location of each trajectory 

point in order. It is worth mentioning that the coordinate system of the Route Plan results based on the 

Baidu coordinate system, and a transformation process is necessary to make the results visualize in the 

right location. The table below (Figure 3-13) gives an example of the scheme of returned csv files. In 

addition, a batch point-to-line operation in the Python environment can group all the trajectory points of each 

O-D pair into full paths, and the information of each O-D pair is stored in a row of the table. Figure 3-14 

shows the result of the batch processing of “point to line”. The flowchart below (Figure 3-15) shows all the 

steps for cycling trajectory generation.  

 
Figure 3-13: The result table of “Route Plan” 

 
Figure 3-14: The results of “points to line” 
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Figure 3-15: Work flow of trajectory generation 

3.2.5 Identify the spatiotemporal patterns of shared bike use for metro  

This section will analyse the spatiotemporal distribution characteristics of shared bike use. The first part is 

to give an insight to all the shared bike use without distinguishing the purposes from both spatial and 

temporal perspectives. The second part will focus only on the shared bike trips that related to metro. 

The proportion of the bike-metro trips, the characteristics of these trips, and the spatial and temporal 

distribution of these trips will be discussed based on the results of data process.  

3.2.5.1 Spatiotemporal characteristics of all shared bike trips 

In this section, the analysis focuses on the general spatiotemporal variations of the shared bike trips. First 

of all, from temporal perspective, all the shared bike trips extracted in the data process are counted in the 

order of 24 hours a day in Python environment. Then, the temporal variation of the shared bike use in the 

selected three days can be plotted through the “matplotlib” package. In this way, the peak hours of shared 

bike use will be determined.  

 

From spatial perspective, the distribution of origin and destination will be plotted through ArcGIS Pro 

2.4.3 to reveal the characteristics of the hot spots of shared bike use in Xi’an city. In ArcGIS Pro, the 

input data of all the origins and destinations in morning and evening peak hours are displayed through the 

“symbolize your layer by density” function to create heat maps of the imported point data. 

3.2.5.2 Spatiotemporal characteristics of bike-metro trips 

This section is mainly to analyse the changes in the use of shared bikes connected to the metro. First, to 

understand the shared bike use as access and egress for metro in a general perspective, the proportion of 

the bike-metro trips is plotted by Excel 2016 based on the peak hours and daily dimensions. Besides, 
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according to the introduction of the “Route Plan” API, it is possible to get the real cycle duration and 

distance. Thus, the histograms based on the result table of “Route Plan” are generated in ArcGIS pro 2.4.3 

to show the distribution of the travel duration and distance of bike-metro trips.  

 

In terms of temporal characteristics of bike-metro use, the visualization software, such as ArcGIS Pro, 

Excel and Matplotlib package based on Python 3.4 environment will be used to sort data by hours and 

visualize the temporal variation of usage based on the results of data processing.  

 

On the other hand, from the spatial aspect, heat maps through ArcGIS Pro will be used to visually show 

the hotspots of the distribution of shared bikes use for metro from both daily and peak hour aspects. 

Flow maps that show the direction distribution of the bike-metro trips are also generated based on the 

result of integrating origins and destinations of bike-metro trips in 3.2.4.3. In this way, the variation of the 

O-D hotspots of bike-metro trips in different time slots can be revealed so as to give reference to the 

planners to consider the parking disorder and the rebalancing challenges as discussed in the previous chapters. 

 

In addition, in combination with the Baidu map “Route Plan API” mentioned above, the riding routes of 

the shared bikes-metro trips will be estimated to a certain extent and visualize on the Kepler.gl online 

platform. As the distribution of the origins and destinations of the shared bikes is very scattered, it is 

difficult to see the trend of route distribution, using the integrated O-D as the input of visualization 

platform, the thickness of the line segment can be used to indicate the number of bike trips between the 

O-D, which is conducive to extract hot spots on the cycling route. In this way, the planners can consider 

the construction and improvement of cycling facilities, such as bike lanes according to the intensity of the 

cycling routes usage. 

3.2.6 Land use - related factors associated with shared bike use patterns 

This section will focus on two parts. The first part will determine the POI data that can be used to 

describe the land use. These POIs are selected as indicators that may affect the distribution of the bike-

sharing use to connect with metro based on the related literatures and the condition of study area, as well 

as the data availability. In the second part, the indicators selected in the first part will be used as 

independent variables, and the number of origins (start points) or destinations (stop points) will be used as 

the dependent variables. These variables as input to do both the global (linear regression) and local 

regression (GWR). Their association can explain the hot spots distribution of cycling, and also provide a 

reference for the management of the DLBS system.  

3.2.6.1 Determination of independent variables and dependent variables 

➢ The determination of the dependent variables 
In this research, the number of the origins or the destinations of the bike trips that connect to metro 

stations is selected as the dependent variables. To explore the relationship between the shared bike use for 

metro and influencing factors at different geographic locations in the study area, the study area is divided 

into about 3,000 of 500 meters*500 meters grids. Considering the size of Xi'an City, 500-meter square is 

used instead of 1km in some relevant studies to provide a more accurate resolution (Yang, 2019; Xu et al., 

2019). However, more accurate division will increase the computation time and make it harder to 

investigate the distribution trend intuitively. The “spatial join” function in ArcGIS is used to add the count 

of origins and destinations in each cell. 
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Specifically, for each time slot, both the origins of the “toward metro station” trips and the destinations of 

“from metro station” trips will be discussed to find out the characteristics between the use of bike-metro 

trips and the distribution of different land use types. 

➢ The determination of the independent variables 
According to the method of extracting points of interest mentioned in Chapter 3, the table in the Appendix 

2 shows the official classification of all points of interest from the most famous map server, Baidu in 

China. Comparing the built environment factors used in the relevant literature mentioned in Section 2.4, 

and the use of POI data as land use discussed in Section 3.2.2, a reclassification is done to select the POIs 

can be used as built environment factors related to the land use (see Table 3-4 below). According to these 

POI types, the link between the shared bike use and the distribution of the different classes of land use 

can be revealed. The number of each type of POI in each grid will be added to the attribute table through 

the “spatial join” function in ArcGIS. The POI counts of different types in each cell are the independent 

variables in the research. The map in Appendix 6 shows the count of all the selected POIs in each cell. 

Table 3-4: Description of the POI reclassification 

Category Type of POI 

Job Companies, factories and government offices 

residence Residential area, dormitory 

commercial Shopping malls, department stores, 

supermarkets, convenience stores, building 

materials shop, digital shops, markets, laundry, 

photo studio, life service shops, beauty salons, 

barber shop 

Recreation Resorts, cinemas, KTV, theatres, dance halls, 

internet cafes, game venues, bath and massage, 

leisure squares, bars 

Green Parks, botanical gardens 

Education  Institutions of higher learning, middle schools, 

elementary schools, kindergartens, adult 

education, parent-child education, special 

education schools, scientific research institutions 

Health care General hospitals, specialty hospitals, clinics, 

pharmacies, medical examination institutions, 

emergency centers 

1. Spatial autocorrelation 

In general, spatial autocorrelation is a prerequisite for the use of GWR model. If the spatial 

autocorrelation analysis results of the selected variables are not significantly correlated, the influence of 

different geographical location on the variables is very weak, and other linear regression models can be 

used for research instead (Cho, Lambert, & Chen, 2010).The spatial autocorrelation analysis will show 

positive correlation or negative correlation. When it shows positive correlation, the change trend of unit 

data value is consistent with that of unit data value of adjacent location; when it shows negative correlation, 

the trend is opposite (Haining, 2009).  

 

Moran's I (Moran 1950) is often used to identify the overall pattern of spatial association. It is used as an 

overall measure of spatial dependence on the entire dataset (Ester, Kriegel, & Sander, 1999). The 

characteristic of spatial autocorrelation is the correlation between signals among locations near space. It is 
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complicated because the spatial correlation is multi-dimensional (that is, 2 or 3 dimensions of space) and 

multi-directional. The calculation formula of Global Moran's I index is as follows: 

I =
N

W

∑ ∑ wij(xi−x̅ )ji

∑ (xi−x̅)2
i

(xj − x̅ ) (Equation 3-1) 

Among them, N is the number of features, x is a variable, x̅ is the average value of x, wij is the spatial 

weight of features i and j; W is the sum of all spatial weights. 

 

The value of I depends largely on the assumption of spatial weights. The idea is to construct a matrix that 

accurately reflects the assumptions about the specific spatial phenomenon. A common method is that if 

two regions are adjacent, the weight is 1, otherwise it is 0. Another common method is to assign weights 

from 1 to k to the nearest neighbours, otherwise 0. An alternative method is to use the distance decay 

function to assign weights. Sometimes, the length of the common side of the neighbourhood is used to 

assign different weights to the adjacent areas. The selection of the spatial weight matrix should be guided 

by the theory of related problems. 

 

The Moran Index is usually between -1 and 1. Moran's I> 0 indicates a positive spatial correlation. The 

larger the value, the more obvious the spatial correlation. Moran's I <0 indicates the negative spatial 

correlation. The smaller the value, the greater the spatial difference. Otherwise, Moran's I = 0, means the 

randomness (CSDN, n.d.). 

 

2. Multicollinearity 

In order to reduce the deviation and improve the representativeness of the coefficients in the model, the 

multicollinearity between the potential independent variables is tested. The variance inflation factor (VIF) 

is used to test the multicollinearity. The higher the VIF value, the more serious the effect of 

multicollinearity. Since there is no fixed threshold, it is generally considered that there is a high 

multicollinearity between independent variables when the VIF > 5. On the basis of this experience, this 

study uses IBM SPSS Statistics 25 software to do regression analysis for the available independent variables, 

and obtains the collinear diagnosis results of each variable.  

3.2.6.2 Application of geographic weighted regression model in this study 

The geographic weighted regression model combined the geographical position of the data into the 

regression parameters. GWR Model is processed according to the following rules: the closer the 

geographical location is, the greater the impact on the results.  

 

Brunsdon, Fotheringham and Charlton (1996) introduced the term GWR, which refers to a series of 

"spatially adjusted" regressions that work by assigning weights to each observation. The regression 

depends on the distance from a specific geographic location or focal point (Páez and Wheeler, 2009). The 

analysis involves fitting as many regressions as the observations, and it is based on the concept of distance 

decay. These weights are generated by a kernel function. This kernel function uses the bandwidth found 

by optimizing the goodness-of-fit criterion. As a result, the estimated value can be fitted to each 

observation or position by applying an appropriate equation. 

 

1. The weight function in the GWR model 

The GWR, like other regression model, should first define a research area. Then the most important thing 

is to use the different spatial location of each feature to calculate the decay function to generate the 

corresponding weight according to the geographical location of the feature. The decay function can be 
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used to calculate all sample points. In the calculation of each sample point, different weights are given to 

samples according to the different spatial relationship with the sample point, so as to obtain the regression 

coefficient of each sample point. Finally, all the regression coefficients can be interpreted. 

 

The weight functions of GWR Model are mainly divided into two categories: one is fixed weight function, 

that is, the weight function is fixed in the whole research area. The other more widely used one is 

adaptive weight function, which can be adjusted according to the density around the calibration points. In 

spatial analysis, Kernels are often used as weighting functions to model and explain spatial autocorrelation 

and heterogeneity ( Wang & Cheng, 2012). The bi-square kernel function is the most commonly used 

one as it is effective to eliminate the sample points that are far away and have almost no effect to improve 

the efficiency of parameter estimation (Bidanset & Lombard, 2014). Thus, in this study, a default kernel 

type of adaptive bi-square will be used in the analysis. 

 

2. Bandwidth in the GWR model 

Previous studies have shown that compared with the selection of spatial weight function, it is more 

significant to determine the bandwidth of spatial weight function. A larger bandwidth will increase the 

deviation of parameter estimation, and the difference of parameter estimation in different regions will be 

small. A smaller bandwidth will reduce the effectiveness of parameter estimation and increase the variance. 

Therefore, the method to determine the optimal bandwidth has been widely studied. At present, there are 

three commonly used methods: cross validation (CV), Akaike information criterion (AIC) and Bayesian 

information criterion (BIC)(Khoi & Murayama, 2012). AICc is usually used as a correction for small 

sample sizes. Since AICc takes into account both simplicity and accuracy when evaluating the model, the 

optimal bandwidth is determined according to AICc in this research. 

 

3. The analysis process of GWR model 

GWR can be viewed as an extension of the general linear regression model. The GWR model allows 

coefficients to vary with space (Lu, Charlton, Harris, &Fotheringham, 2014). Compared with the general 

linear regression model, GWR usually has a smaller residual and a smaller spatial dependence. Therefore, 

the GWR model generally based on the global regression model. From other relevant research, the linear 

regression based on Ordinary Least Square (OLS) is the best known and most common one of all 

regression techniques. It is also the proper start for the GWR (Esri, n.d.-a). OLS model is usually used to 

determine the global regression coefficient of independent variables (β). Once the independent variables 

are identified in the model, there is a theoretical basis to think that the relationships may vary from 

geographic location, and the GWR is potentially the appropriate next step (Columbia, n.d.).  

 

The GWR model explicitly considers the spatial components of the data and incorporates the geographic 

coordinates of the observations into its equations. Unlike the OLS model, in the GWR model, the 

coefficient βj (j = 0,1, ..., p) of the variables χj varies with the location. For each location defined by its 

coordinates (ui, vi), the value of the dependent variable yi is estimated according to equation (3-2). 

yi = β0(ui, vi) + β1(ui, vi)x1 + β2(ui, vi)x2 + ⋯ + βp(ui, vi)xp + εi (Equation 3-2) 

 

In this research, after determining the dependent variable and the potential independent variables, first, 

the linear regression based on the Ordinary Least Square function in ArcMap 10.7 software will be used to 

conduct a preliminary analysis of the relationship between the independent variables and the dependent 

variable, so as to identify the suitable independent variables that can be used to study spatial heterogeneity. 

Then, after considering the necessity of using the GWR model according to the distribution of the residual 
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squares in the OLS model, input the independent variables into the GWR model in the GWR 4.0 for final 

analysis. Then, the process is to assess the benefits of moving from the OLS model to a local regression 

model (GWR) by comparing the R2 and the value of Residual Square, as well as the AICc between these 

two models (Esri, n.d.-a). Through such a research process, not only can the factors affecting the 

distribution of bike-metro use be determined, but also the different impacts of these factors on the 

independent variables caused by different geographic locations within the study area will be revealed. The 

flow chart below summarizes this research process (Figure 3-16). 

 

 
Figure 3-16: Work flow for the GWR model 
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4 RESULTS AND DISCUSSION  

In this section, all the visualization outputs based on the data processing are displayed and discussed to 

help understand the spatiotemporal characteristics of the shared bike use for metro system, and the factors 

that affect the use patterns. 

 

Three main subsections are included in this chapter. First, the overall use patterns of shared bike in Xi’an 

city are discussed without identifying whether the bikes are used for connecting to the metro system. In 

this way, a general idea about the bike-sharing usage can be provided, which is also helpful to prove the 

relevance of analyzing the bike-metro trips in study area. Second, according to the method presented in 

section 3.2.4.2, all the bike-metro trips can be identified in the study area. Thus, the spatiotemporal 

patterns of the shared bike use for metro can be visualized from several perspectives. The analysis can 

effectively help to observe the hotspots of bike-metro trips from both a temporal and a spatial perspective. 

Third, a set of urban land use characteristics is analysed to identify if there is a relation with the intensity 

of shared bike usage during peak hours. 

 

Combining the temporal distribution and the spatial patterns of shared bike use in three workdays 

(Appendix 7), which are also quite similar, thus, only the use patterns on the 3rd of September (Monday) are 

analysed in detail to develop an approach to investigate the spatiotemporal patterns of shared bike use. 

Moreover, according to the study of the daily variation in the use of shared bikes, it is found that the use 

patterns is the most intensive in the morning and evening peak hours, and there are very different 

characteristics. Therefore, the focus will be on the distribution of shared bike use from the morning and 

evening peaks on September 3. 

4.1 Spatiotemporal characteristics of all shared bike trips 

4.1.1 Temporal patterns of the shared bike use 

First, based on the Python 3.4 environment, the usage of all the shared bikes over time in the selected 

three days was counted and displayed with a line chart (Figure 4-1). The usage patterns during three days 

remained basically stable. Moreover, it can be clearly distinguished that the two peak periods of bike use 

are 7: 00-9: 00 in the morning and 17: 00-19: 00 in the evening, which is consistent with the commuting 

time of many commuters in Xi'an.  

 

Figure 4-1: The daily temporal distribution of shared bike use 
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4.1.2 Spatial patterns of the shared bike use  

In this section, the overall distribution of all the origins and destinations of shared bike use were plotted 

based on the extracted O-Ds. The heat maps in Appendix 7 show the distribution of the origins of the 

bike-sharing trips in three days. However, the spatial pattern of bike-sharing use in three days is very 

similar. The temporal usage of shared bikes during three days is also very similar from the previous 

analysis. Therefore, in the following research, the focus of the analysis will be only on Monday, 

September 3rd. 

 

It can be seen from the maps in Figure 4-2 that the areas with the densest distribution of origins and 

destinations are all concentrated in the southwest part of the city. This can be associated with the 

administrative division of Xi'an. The southwest region is the High-tech Development Zone in Xi’an. 

There are many employment communities, and residential areas, and the density of metro lines in this area 

is low. Thus, there is more demand for bike-sharing.  

 

On the one hand, in the morning peak hours, the usage distribution of the origins of the shared bikes is 

more scattered than the distribution of destinations, and it is widespread along the metro lines. Because 

the hot spots of the origins of cycling are mostly distributed in the dense residential areas of the high-tech 

zone, and the destinations of cycling are mostly job-related locations. In addition, in the high-tech zone, 

the distribution of residential areas is more scattered than the jobs. On the other hand, in the evening 

rush hour, the hotspots of the destinations of shared bikes spread around the metro lines, and the 

diffusion coverage is obviously wider than the patterns of origins of the trips, indicating that people use 

shared bikes to have a more diverse of activities at evening peak. 

 

 
Figure 4-2: The distribution of the start and stop points of all shared bike trips in peak hours 

Dense emplotment area Dense residential area 
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4.2 Spatiotemporal characteristics of bike-metro trips 

In this section, all the visualizations focus only on the riding trips that connect with the metro system on 

3rd of September. There are three subsections included: first, the overall usage of bike-metro trips is 

revealed from both the proportion and the characteristics to have a general idea about the usage of bike-

metro trips. Second, the daily variation of the bike-metro trips is described through graphs to identify the 

peak hours and off-peak hours of the shared bike use for metro system. Third, the spatial distribution 

patterns of the bike-metro use are visualized in different ways to find out the hotspots of the shared bike 

use for metro system. 

4.2.1 Overall usage of the bike-metro trips  

4.2.1.1 The proportion of bike-metro trips 

The pie chart below gives an idea about the average proportion of the shared bike trips to connect with 

metro system in three workdays. About 15% of the bike-sharing trips are metro-related. The proportion 

becomes even higher in the morning peak hours, which is about one fifth. In contrast, the share of metro-

related bike trips during the evening rush hour dropped to the average. However, the ratios are also 

sufficient to show that quite a few of travellers use shared bikes as access or egress to metro stations. 

 

 
 

Figure 4-3: The proportion of shared bike use for metro 

4.2.1.2 The distribution of travel distance and duration of bike-metro trips  

The histograms in Figures 4-4 and Figure 4-5, generated in ArcGIS pro 2.4.3, show the distribution of the 

cycling distance and the travel duration between the origins and destinations of the bike-metro trips on 

September 3. Both the distance and the travel duration based on the algorithm of the “route plan” API 

from Baidu Map server. The returned values include the distance and time of the cycling routes based on 

the real road network.  

 

The mean of distance is 1674 meters, and the mean travel duration between the origins and destinations is 

about 9 minutes. The use frequency of shared bikes to connect with metro shows a tendency to rise within 

a distance around 1200 meters or travel time around 6 minutes, but declines over a certain travel distance 

or time. In general, 90% of the users spent less than 15 minutes or a short distance around 3000 meters to 

finish the bike trips that connect to the metro stations.  
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Figure 4-4: The distribution of linear distance of bike-metro trips 

 
Figure 4-5: The distribution of travel duration of bike-metro trips 

4.2.2 Temporal patterns of bike-metro trips 

The graphs below show the temporal variation of bike-metro trips during a day. The same as the temporal 

variation of all shared bike usage discussed before, the temporal patterns of bike-metro trips are quite 

similar among three days. Unlike the use patterns of all shared bikes, the use frequency of bikes that 

connect to metro stations in morning peak is obviously higher than that in the evening peak. There is a 

sharp decrease after 7:00, which is also different from the trend of all shared bike trips. The number of 

trips from 17:00-18:00 is increasing, but a steep drop occurs after 19:00 in the evening peak.  

 

It can be seen from the temporal patterns and the overall distribution characteristics of bike-metro trips in 

the previous section that the three-day bike-metro usage is very similar. In addition, there is a big 

difference in the usage of shared bikes between morning / evening peak and off-peak hours. Besides, the 

bike-metro usage intensity is very similar to the overall intensity of all the shared bike usage, which means 

there are lots of people use the shared bikes for connecting with metro system, as well as for other 

purposes in peak hours. In order to consider the usage distribution specifically, the following analysis will 

pay more attention on the use of shared bikes in the morning and evening peak hours. 

 
Figure 4-6: Temporal variation of the shared bike trips to connect metro system 
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4.2.3 Spatial patterns of bike-metro trips 

4.2.3.1 The distribution patterns of the origins and destinations of bike-metro trips 

The distribution patterns of the O-Ds of bike-metro trips is analysed mainly from two aspects based on 

the trip directions. One is the shared bike trips start from metro stations and ride to other destinations, the 

other one is the shared bike trips start from other origins and ride to metro stations. Figure 4-7, Figure 4-8 

below combined the morning and evening peak hours from the temporal dimension to consider the 

distribution of the origins and destinations of the bike trips.  
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First of all, there are some clear spatial clusters of the O-D in peak hours. From the perspective of the 

distribution patterns of “toward metro station” trips in morning rush hours, there is a hot spot near 

Yuhuazhai Station on Metro Line 3 as it is a residential area. The area near transfer station Beidajie also 

generated more cycling trips, as the development intensity of this area is advanced with high degree of 

land use mix. There are also many job-related and residential areas. Thus, these areas are hot spots for 

both the origins of “to metro station” trips and the destinations of “from metro station” trips. Similarly, 

there are also some hotspots locate near Tonghuamen station. From the perspective of “from metro 

station” trips, some clusters of the destinations distribute from the north of Xingzhengzhongxin station 

to the south of Xiaozhai Station on the Line 2. Among them, Xingzhengzhongxin station is the 

administrative center in the city, and there are different levels of governmental offices. Thus, it is also a 

hot spot that attracts many commuters cycling from metro stations. On Line 3, Kejilu, Taibainanlu, and 

Yanpingmen Station, are also parking hot spots of shared bikes, because of the concentration of 

employment places in the high-tech zone.  

 

 
Figure 4-7: Distribution of the origins and destinations of “to metro station” and “from metro station” trips in the morning peak hours 

7：00-9：00 

Yuhuazhai Station 

Tonghuamen Station 
Beidajie Station 

7：00-9：00 

Yanpingmen 

Station 

Xingzhengzhongxin Station 

Xiaozhai Station 

Tonghuamen Station Beidajie Station 
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During the evening peak hours, the hotspots of the origins decreased significantly compared with 

morning peak as the hot spots mainly distribute in the high-tech area, which is one of the densest 

employment areas in the city. Only two obvious clusters can be seen on Beidajie station, and the south of 

Yanpingmen station. Moreover, the distribution of destinations of the bike-metro trips that start from 

the metro stations has a tendency to expand outwards more compared to the morning peak, which 

indicates that the users depart from the metro stations has a longer riding distance, and the destination of 

the riding activity is more varied in the evening peak. In addition to the hotspot areas that appear in 

the morning rush hours, hotspots also appear in the south of Changlepo Station on Line 1, Hujiamiao 

Station on Line 3, as well as the areas in the south of line 3 from Yuhuazhai station to Zhangbadonglu 

station. These are all the residential concentrated areas, which indicates users are more likely to ride shared 

bikes to go home from metro system after work. 

 

 
Figure 4-8: Distribution of the origins and destinations of “to metro station” and “from metro station” trips in the evening peak hours 
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On the other hand, the interactive flow maps were generated on “Flourish” visualization platform to show 

the similar information of the O-D distribution. However, the heat maps of O-Ds cannot show the riding 

directions of from or to metro stations. Therefore, the flow maps in Figure 4-9, 4-10 are used to indicate in 

which directions the riding trips from or to the metro stations. The red end of each flow line represents 

the origin, and the blue end represents the destination. The thickness of the flow line represents the 

number of trips between the O-Ds, and the thicker the flow line, the more trips occur between the O-D 

pair. The riding trip from the metro station can be regarded as the trip generated by the station, otherwise 

it is the trip attracted by the station. Therefore, it is intuitive to see the generation and attraction patterns 

of bike trips in each metro station through the flow map. Combining the O-D heat maps above, it is 

useful to identify the variation of the hot spots of O-Ds during peak hours, which is helpful to provide 

evidence to deal with the challenges such as parking disorder and rebalancing that caused by the 

development of DLBS. 

 
Figure 4-9: The flow map of bike-metro trips during morning peak hours 

(https://app.flourish.studio/story/232246/edit) 

 
Figure 4-10: The flow map of bike-metro trips during evening peak hours 

(https://app.flourish.studio/story/233467/edit) 

4.2.3.2 The distribution patterns of the riding routes of bike-metro trips 

In order to understand the spatial characteristics of the bike-metro trip more comprehensively, the cycling 

route intensity can help identify the most popular routes, thereby providing a reference for bike lane 

planning and improvement. Based on the origins and destinations aggregated to the 100-meter grid, the 

distribution of riding routes is visualized according to the rush hour time slots. The thickness of the riding 

route will be used to indicate the number of trips on the route. 

 

From Figure 4-11, in the morning and evening rush hours, the route on the south of Zhangbabeilu Station 

on Line 3, and the third ring road on the south of Yuhuazhai Station are very frequently used routes of 

bike trips from metro station in the morning. They are also popular routes of the trips toward metro 

stations in the evening. Because the destinations or the origins of these paths correspond to the 

concentration of jobs, such as software development companies (See Appendix 6). In addition, the highly 

used riding routes of “from metro station” trips in the morning rush hour are mainly distributed near the 

Xingzhengzhongxin Station of Line 2, which is also a concentration of governmental offices. Looking at 

Flow from metro stations Flow to metro stations 7：00-9：00 

Flow from metro stations Flow to metro stations 17：00-19：00 

https://app.flourish.studio/story/232246/edit
https://app.flourish.studio/story/233467/edit
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the evening peak hour, the distribution of cycling routes hot spots in both directions shows the trend of 

distribution opposite to the morning peak. Besides, a new hot spot for cycling routes appeared near 

Beiyuan Station on the northern of Line 2, which is a residential area with a long-distance bus station. 

Because the users are likely to ride from job concentrations to the metro stations, or ride from metro 

stations to residential concentrations after work during evening peak hours. It is worth noting that, 

compared with the morning rush hour, the usage of the routes in the high-tech zone around Kejilu Station, 

Taibainanlu Station has increased significantly in the evening peak. This shows that during the evening 

rush hours, many cycling trips in the high-tech zone are not job-related. The purposes of bike-metro trips 

in the evening rush hours are more diverse. In short, the distribution patterns of cycling routes in the 

morning and evening peak hours has a highly consistence with the commuting activities.  

 

 
Figure 4-11: The intensity of the riding routes during peak hours 

4.3 Influencing factors of shared bikes use for metro 

According to the analysis above, the usage of shared bikes in the morning and evening peaks is 

significantly large, and there are obvious differences in distribution characteristics. Thus, in this section, 

the link between the POI-based and land use related factors and the shared bike use for metro will be 

discussed according to different time slots of peak hours, which are 7:00-9:00 in the morning, and 17:00-

19:00 in the afternoon. During these hours, all the shops and services are open. Specific analysis is 

according to the following Table 4-1. 

17：00-19：00 

Cycling routes toward metro stations 

7：00-9：00 

Cycling routes toward metro stations Cycling routes from metro stations 

Cycling routes from metro stations 
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Table 4-1: Time slots and contents 

Time slots Dependent variable 

7:00-9:00 The number of Origins of “toward metro station” trips 

The number of Destinations of “from metro station” trips 

17:00-19:00 The number of Origins of “toward metro station” trips 

The number of Destinations of “from metro station” trips 

➢ Multicollinearity of the variables 
The VIF value of each explanatory variable is less than 2 means there is no multicollinearity between the 

variables. See global regression results below for detailed diagnosis results. 

➢ Spatial autocorrelation test 
The results of Global Moran’s I test for all the potential independent variables show in the table (Table 4-2) 

below. The expected index means the expected value of Moran’s I under the null hypothesis of no spatial 

autocorrelation. Thus, all the values of Moran’s I are higher than the expected index show the positive 

spatial autocorrelation exist. The z-score is a test of statistical significance that helps to decide whether or 

not to reject the null hypothesis. The p-value is the probability that you have falsely rejected the null 

hypothesis (Esri, n.d.-c). From the results, the p-value is close to 0, and the z-score values are all positive 

showing statistically significant, the spatial distribution in the dataset is spatially clustered. This result 

implies that the difference in geographic location has a greater impact on the variables. Thus, the GWR 

model have more potential to explain the spatial heterogeneity of these variables (Bao, Liu, Yu, & Xu, 

2017). 

Table 4-2: Global Moran’s I test for potential independent variables 

Variables Moran I Distribution z-score p-value Expected Index 

Job 0.448990  clustered 34.592435  0.000000  -0.000337  

Residence 0.551428  clustered 42.212100  0.000000  -0.000337  

Commercial 0.503600  clustered 38.529894  0.000000  -0.000337  

Recreation 0.509284  clustered 39.011748  0.000000  -0.000337  

Green 0.463157  clustered 36.592806  0.000000  -0.000337  

Education 0.253419  clustered 19.531937  0.000000  -0.000337  

Health care 0.357438  clustered 29.950289  0.000000  -0.000337  

4.3.1 Global regression analysis (OLS model) 

Before using the GWR model to explore the spatial heterogeneity of the distribution of influencing factors 

on the origins and destinations of the shared bike trips connected to the metro, a global regression model 

is used to perform regression analysis on the dependent variables and independent variables to give a 

general idea about how the factors influence the dependent variables, so as to determine the impact 

factors. Specifically, linear regression based on the ordinary least square (OLS) model will be operated to 

the POI-based variables and the origins and destinations of bike-metro trips according to different time 

slots.  

4.3.1.1 OLS model results for the morning peak hours 

(1) The number of origins as dependent variable  

The OLS model was carried out on the origins of bike trips “toward metro station” from 7:00 to 9:00 in 

the morning, as well as the influencing factors. Looking at the regression results in Table 4-3, the R² 

indicates that the independent variables can explain about 31% of the variation of the dependent variable. 

The p value less than 0.05 (significance level α = 0.05) shows the high statistical significance of the model 

(DSS, 2007). Thus, the number of residences, commercial, recreation, and healthcare POIs have a 
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significant linear correlation with the origins of the bike-metro trips in the morning peak. Other variables 

have no association with the origins of the bike-metro trips in the morning peak. Therefore, we remove 

these variables for further regression. 

Table 4-3: The results of the OLS model for all independent variables 

Variables Std. Coefficients  p-value VIF 

Intercept  0.000  

healthcare 0.203 0.000 1.388 

education -0.005 0.867 1.306 

green -0.046 0.078 1.121 

recreation 0.113 0.001 1.914 

commercial 0.201 0.000 1.592 

residence 0.205 0.000 1.259 

job 0.037 0.214 1.497 

R2 0.306 

The standardized beta coefficients compare the strength of each independent variable's influence on the 

dependent variable. From the new results of regression (Table 4-4), all the standardized coefficients of the 

variables are positive, which means the number of residences, commercial, recreation, and healthcare 

POIs are positively correlated with the distribution of the origins of the bike sharing trips during the 

morning peak. Thus, the increase in these land use types will increase the use of shared bikes.  

 

Specifically, the standardized coefficient value of variable “residence” is 0.213, indicating that with every 

increase of one standard deviation in the number of residences, the number of origins of bike-metro trips 

in the morning rises by 0.213 standard deviations. Therefore, residences have the greatest impact on the 

distribution of the origins of bike-metro trips in the morning peak hours, and the impact of recreation is 

small. 

Table 4-4: The results of the OLS model for selected independent variables 

Variables Std. Coefficients  p-value VIF 

Intercept  0.000 1.375 

healthcare 0.209 0.000 1.304 

recreation 0.103 0.001 1.479 

commercial 0.203 0.000 1.238 

residence 0.213 0.000 1.375 

R2 0.303 

(2) The number of destinations as dependent variables 

Using the same method, the independent variables that affect the distribution of the destinations of bike 

trips “from metro stations” in the morning peak are the number of job locations, recreation, healthcare, 

education, and commercial areas. From the table (Table 4-5) below, the R2 increased to 0.480 when the 

number of destinations of bike-metro trips was used as dependent variables. It indicates that the model 

has a good fitness that 48% of the variance in the dependent variable can be explained collectively by the 

independent variables. According to the standardized coefficients, the number of job locations has the 

greatest impact on the distribution of the destinations of shared bike trips in the morning. In short, we can 

conclude that the more job locations, the more bike trips, while the increase of the number of commercial 

areas will slightly reduce the distribution of the destinations of shared bike trips in the morning. Besides, 

the amount of recreation POIs and education POIs also have an influence on the distribution of the 

destinations of the bike-sharing in the morning peak, and the degree of influence gradually weakens.  
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Table 4-5: The results of the OLS model for selected independent variables 

Variables Std. Coefficients p-value VIF 

Intercept  0.000  

healthcare 0.169 0.000 1.362 

education 0.079 0.002 1.311 

recreation 0.175 0.000 1.668 

commercial -0.063 0.023 1.461 

job 0.395 0.000 1.186 

R2 0.479 

4.3.1.2 OLS model results for the evening peak hours 

(1) The number of origins as dependent variables 

The table below (Table 4-6) shows the results of performing a second linear regression after removing 

variables that do not meet the conditions. From the standardized coefficients, the number of “job” POI 

has a significant positive effect on the distribution of the origins of the shared bike trips during evening 

peak hours. The standardized coefficient value of variable “job” is 0.430, which means with every 

increase of one standard deviation in the number of jobs, the number of origins of shared bike trips in the 

evening increases by 0.430 standard deviations. In short, the denser of the job locations, the more bike 

trips start from the area to the metro stations. Then, the number of recreation POI also effects the 

distribution of the origins of bike-metro trips, but the impact is not very strong. Besides, the number of 

healthcare, educational buildings all have a weak positive effect on the dependent variable. The 

commercial has a slightly negative impact on the dependent variable, which means with every increase of 

one standard deviation in the number of commercial areas, the number of origins of shared bike trips in 

the evening decreases by 0.107 standard deviations. 

Table 4-6: The results of the OLS model for selected independent variables 

Variables Std. Coefficients  p-value VIF 

Intercept  0.000  

commercial -0.107 0.001 1.664 

healthcare 0.120 0.000 1.315 

education 0.085 0.003 1.298 

recreation 0.226 0.000 1.669 

job 0.430 0.000 1.273 

R2 0.360 

(2) The number of destinations as dependent variables 

From the coefficient value in Table 4-7, it can be seen that these four variables all have a positive effect on 

the distribution of the destinations of the shared bike trips in the evening peak hours. Among them, the 

number of recreation POIs, residential POIs, healthcare POIs and job POIs have a significant impact on 

the dependent variable, and the degree of impact decreases in turn.  
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Table 4-7: The results of the OLS model for selected independent variables 

Variables Std. Coefficients  p-value VIF 

Intercept  0.000  

Healthcare 0.162 0.000 1.242 

Recreation 0.273 0.000 1.509 

Residence 0.182 0.000 1.187 

Job 0.141 0.000 1.209 

R2 0.307 

Through the above analysis, the significant influencing factors of each time slot are summarized in the 

following table (Table 4-8), the bold variables are the most influential independent variables. From the 

results of global regression, the more residences, the more origins of bike-metro trips, while more job 

locations will attract more bike trips that start from metro stations in the morning peak hours. Meanwhile, 

in the evening peak hours, the distribution of the origins of the bike-metro trips are positively influenced 

by the number of jobs, while the distribution of the destinations of bike-metro trips are positively 

influenced by the number of recreation areas. The results are consistent with the general perceive of the 

commuting activities. The commuters ride from home to metro stations, and take metro to work or ride 

from metro stations to job locations in the morning peak. In the evening peak hours, the shared bike users 

ride bikes from job locations to metro stations to go home or from metro stations to recreation areas to 

relax.  

Table 4-8: Summary of the global regression results 

Time slots Dependent variables Independent variables 

Morning peak  

(7:00-9:00) 

Origins  Residence, commercial, recreation, healthcare 

Destinations Job, commercial, recreation, education, healthcare 

Evening peak  

(17:00-19:00) 

Origins Job, commercial, recreation, education, healthcare 

Destinations Job, residence, recreation, healthcare  

The map below (Figure 4-12) plotted the residuals of the OLS model to enable identification of areas 

where the global regression fails to explain a large proportion of the variation (Lloyd, 2010). From the 

maps, the negative value of the residuals represents the model is underestimating, the positive value shows 

the model is overestimating. Thus, both the blue and red cells show a very poor prediction in the model. 

In the maps, the cells with yellow colour show a better estimation in the OLS model. In general, the 

residuals distribute differently based on locations in the study area, which means the necessity to go to 

local regression, thus, the GWR model is used to explain the spatial heterogeneity.   
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Figure 4-12: The distribution of residuals in the OLS model 

4.3.2 Geographically weighted regression 

4.3.2.1 GWR model analysis for the morning peak hours 

(1) The number of origins as dependent variable 

Combined with the method described in Chapter 3, the corresponding independent variables obtained by 

linear regression are input in the GWR4 software to model the distribution of the origins of shared bike 

trips during the morning peak in the study area. The system default golden section search method and 

AICc are used to search and determine the optimal bandwidth. The iterative steps show in the Appendix 8. 

 

The statistical values of the parameter estimation in the GWR model are finally shown in Table 4-9, 

including: minimum, maximum, mean and standard deviation. First, the R-square indicates that the model 

can explain about 67% of the variance in the dependent variable. Second, from the minimum and 

maximum of the regression parameter estimates, the coefficients of the input variables are both positive 

and negative, indicating that these variables have both an increasing effect and a suppressing effect on 

the number of origins of the bike-metro trips in the morning peak. Furthermore, through the mean of the 

regression parameters of various variables, overall, the input variables related to the land use types of 

residential, commercial, recreation, and healthcare will promote the distribution of the origins of the 
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shared bike trip. Besides, the standardized deviation is used to measure the reliability of the estimated 

value of each coefficient. A small standard error indicates a reliable estimation.  

 

In addition, through the geographical variability test function in GWR4.0 software, the heterogeneity of 

each variable was tested. The test verifies the geographical variability of the coefficients of various 

variables through model comparison. The test results are shown in the Table 4-10 below. The columns “F” 

and “DOF for F test” are the results of F-test and the its degrees of freedom, which basically show the 

process of the model comparison. The most important column is the “DIFF of Criterion”, which shows 

the difference in model comparison indicator between the original GWR model and the switched GWR 

model. If the switched GWR model attains a statistically better fit, the value of the model comparison 

indicator is smaller than that of the original GWR model so that “Diff of Criterion” becomes a positive 

value, suggesting no spatial variability in the highlighted local term (GWR4 user manual, 2012). Therefore, 

there is basically no spatial heterogeneity in other variables except “residence”.  

Table 4-9: Independent coefficient distribution                   Table 4-10: The geographical variability tests 

 
(2) The number of destinations as dependent variable 

Combined with the above analysis, the same method  

is used to model the destinations of bike-

metro trips during morning peak hours of 

working day in the study area. The result of 

the coefficients and geographical variability 

test is shown in Table 4-11 and Appendix 9. 

From the results, there is a spatial 

heterogeneity in the coefficient estimates of 

variable “job”, and “education”. These 

variables have both an increasing effect and 

a suppressing effect on the number of 

destinations of the bike-metro trips in the morning peak. In regions with a large number of jobs, 

and educational places, the destinations of shared bike trips on the morning peak of weekdays is not 

evenly distributed.  

  

Variables Min. Max. Mean Std. dev 

Intercept 0.386892 10.358752 3.663497 1.717908 

Residence -0.082634  0.492218   0.060450 0.070391 

Commercial -0.208254 0.945139 0.212650 0.194403 

Recreation -1.015101 1.714205 0.117600 0.373027 

Healthcare -1.799641 2.940642 0.159692 0.336183 

R2 0.671852 

Adjusted R2 0.583723 

 

Table 4-11: Independent coefficient distribution 

 
Variables Min. Max. Mean Std. dev 

Intercept 0.549801 12.176621 3.705771 1.826075 

Job -0.290245 0.339193 0.089550 0.070937 

Commercial -0.541084 0.433732 -0.090745 0.159952 

Recreation -0.772419 1.345137 0.098271 0.317831 

Education -3.063364 4.602606 0.712649 1.320932 

Healthcare  -0.905575 0.937207 0.218722 0.247152 

R2 0.706787 

Adjusted R2 0.617103 
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4.3.2.2 GWR model analysis for the evening peak hours 

(1) The number of origins as dependent variables 

From the mean value of the coefficients Table 4-12,  

in most cases, the increase in the number of  

job POIs, recreation POIs, education POIs, 

and healthcare POIs will increase the 

distribution of start points of shared bike trips 

on weekday evening peaks. The increase of the 

commercial places count will slightly decrease 

the distribution of start points in the evening 

peak. The results of the geographical variability 

test in Appendix 9 show that the variable of the 

job count has different impact on the shared 

bike use in different locations. 

(2) The number of destinations as dependent variable 

The same method is used to model the origins  

of bike-metro trips during evening peak hours 
of working day in the study area. The 
distribution of the model parameters obtained 
by the GWR analysis is shown in Table 4-13. 
From the mean of the coefficients, overall, all 
variables that related to job, residence, 
recreation, and healthcare have positive effects 
on the distribution of destinations of bike-metro 
trips. The result of geographical variability test 
are shows in Appendix 9. From the result, there is no spatial heterogeneity in the variables of the number 
of job POI, healthcare POI and government POI. Thus, they are converted into global variables. The 
impact of the number of “residences” and “recreation” on the shared bike use varies according to 
geographical locations. In some places, the number of residential and recreation areas may promote bike-
metro trips, while in some places, the number of residential and recreational venues will inhibit bike-metro 
trips. 

4.3.2.3 Analysis and comparison of OLS and GWR model 

The tables below (Table 4-14 and Table 4-15) show the comparison of OLS model and the GWR model in 

detail. According to the values of indicators in the table, the AICc value in the GWR model results is 

lower than that in the global regression analysis, which means the model provides a better fit to the 

observed data (Esri, n.d.-a). Thus, the GWR model can better explain the data. The R-square and the 

adjusted R-square in the GWR model results are higher than those of the global regression analysis. This 

shows that in the GWR model, the independent variables have stronger explanatory power to the 

dependent variable and the model is more accurate. The residual squares can be used to judge the fitting 

effect of the model. The smaller this measure, the closer the fit of the GWR model to the observed data 

(Esri, n.d.-a). The residual squares in the GWR model results are smaller than those in the global 

regression analysis. Besides, the GWR model can reveal the different effects of each independent variable 

on the dependent variable in different spatial locations. Therefore, the GWR model is reliable in this study.  

 

 

 

Table 4-12: Independent coefficient distribution 

 Variables Min. Max. Mean Std. dev 

Intercept -0.210181 11.231436 2.812781 1.716721 

Job -0.087458 0.250871 0.049061 0.052444 

Recreation -0.431996 1.153375 0.135687 0.288040 

Education -1.832886 3.705950 0.256193 0.968621 

commercial -0.393990 0.297615 -0.018294 0.089885 

Healthcare -0.961501 1.079855 0.096126 0.253023 

R2 0.692069 

Adjusted R2 0.611648 

 

Variables Min. Max. Mean Std. dev 

Intercept -0.274906 13.999285 3.018856 1.865275 

Job -0.249677 0.188156 0.006941 0.050490 

Residence -0.138351 0.425314 0.046195 0.067072 

Recreation -0.812463 1.698575 0.309736 0.390290 

Healthcare -1.026656 1.129448 0.143665 0.237314 

R2 0.687154 

Adjusted R2 0.580663 

 

Table 4-13: Independent coefficient distribution 
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Table 4-14: Model comparison results (in the morning peak) 

Morning peak 

Dependent 

variables 

The number of origins 

of “to metro station” trips 

The number of destinations 

of “from metro station” trips 

Indicators OLS GWR OLS GWR 

AICc 7148.681880  6706.611851  7519.682936  7173.218864  

R2 0.303000  0.671852  0.479000  0.706787  

Adjusted R2 0.300000  0.583723  0.476000  0.617103  

ResidualSquares 137603.990130  12126.616556  28125.599066  13895.381134  

Table 4-15: Model comparison results (in the evening peak) 

Evening peak 

Dependent 

variables 

The number of origins 

of “to metro station” trips 

The number of destinations of 

“from metro station” trips 

Indicators OLS GWR OLS GWR 

AICc 5816.712838  5477.119255  5904.291943 5535.256845  

R2 0.360000  0.692069  0.307 0.687154  

Adjusted R2 0.356000  0.611648  0.304 0.580663  

ResidualSquares 16622.350401  7593.292814  17548.72938 8061.805412  

4.3.2.4 The interpretation of the GWR results  

From the results of GWR model, in different locations, different factors play a role in explaining the 

distribution of bike-metro trips. This section will combine the conclusions drawn by the GWR model in 

this chapter to focus on the visualization of factors with spatial heterogeneity. 

(1) In the morning peak hours 

➢ The number of origins as dependent variables 
The influence of the number of residences on the distribution of the origins of shared bike trips has 

spatial heterogeneity. In other words, the degree of impact of the number of residences on the use of 

shared bikes varies depending on the geographic locations. Therefore, visualize the spatial distribution of 

the coefficient values of the “residence” variable obtained from the GWR analysis.  

 

From Figure 4-13, in the areas with red colour, there is a good link between the number of residential units 

and the use of bikes, while the areas with blue colour show a poor relationship between the residential 

units and the bike-metro trips. Specifically, the number of residences has an obvious positive effect in the 

southwest of the city near the end station of Metro Line 3 (the black box in the figure), and it has almost 

no positive impact on the north, south and east of the city, and even has an inhibitory effect in the north, 

south and east of the city(the red box). 

 

  



SPATIOTEMPORAL PATTERNS AND INFLUENCING FACTORS OF SHARED BIKES USE FOR METRO ACCESS AND EGRESS TRIPS 

55 

Among them, the southwestern area of the city is the High-tech Development Zone of Xi'an City, 

which has a relatively high degree of development. There are densely distributed residences near the metro 

terminal station. Besides, the density of public transport network in this area is relatively low. Thus, the 

demand for shared bikes in this area is high, and the region will generate more shared bike trips that relate 

to commuting during the morning peak. On the other hand, there are more commercial districts, 

enterprises, and schools in the south and north of the city. Therefore, there are relatively few shared bike 

trips from these areas to metro stations in the morning peak. On the east side of the city, the coefficient of 

the “the number of residence POIs” is small, because the development intensity here is relatively low and 

there is generally little demand for shared bike use. 

 
Figure 4-13: The distribution of the coefficients of variable “the count of residence POIs” 

➢ The number of destinations as dependent variables 
From the geographical variability test in the GWR model, the degree of impact of variables “job” and 

“education” on the use of shared bikes varies depending on the geographic locations. Therefore, the maps 

below visualize the spatial distribution of the coefficient values of “job” and “education”. From the first 

map (Figure 4-14), the red area represents the high value of the coefficient, which means the number of 

jobs has a significant positive effect in the southeast of the city near the Metro Line 3. The blue areas with 

a negative value of coefficient indicate the distribution of job locations has an inhibitory effect on shared-

bike trips in the northeast area.  
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Among them, in the southeast of the city (the black box in the map), there is a concentration of cultural 

media companies, and some scientific research institutions. Thus, the number of job locations in 

this area will greatly influence the shared bike trips in the morning peak hours. As discussed above, the 

southern part of the city is mainly commercial land and has not yet opened in the morning. Therefore, it is 

less attractive to shared bike trips in the morning peak. The northeast part of the city is mainly green land, 

and some new campuses of schools. Therefore, the cycling activities have nothing to do with the “job”, 

and even slightly decrease with the increase of the jobs. 

 
Figure 4-14: The distribution of the coefficients of variable “the count of job POIs” 
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As for the coefficient distribution of the variable “education”, the number of educational places has a 

positive effect in the western part of the city and part of the northeast, as well as the area close to 

Hujiamiao and Shijiajie Station (Figure 4-15). These places are mainly residential areas, and there are many 

primary education institutions, such as elementary schools, junior high schools and kindergartens. Most of 

these schools are located at the end of metro lines, far from the city center, and mostly serve residents 

living in social housing (Chen, 2015). The coverage of public transportation in these areas is low. Thus, 

there is potentially a greater demand for shared bikes. However, in the region close to Shijiajie Station and 

Hujiamiao Station, the public transport is convenient, the number of education POIs still has a higher 

degree of influence in this area, which indicating that there are generally more education-related cycling 

activities during the morning peak on weekdays.  

 

Figure 4-15: The distribution of the coefficients of variable “the count of education POIs” 

(2) In the evening peak hours 

➢ The number of origins as dependent variables 
From the geographical variability test in the GWR model, the degree of impact of variables “job” on the 

use of shared bikes varies depending on the geographic locations. Therefore, the map below visualized the 

spatial distribution of the coefficient values of the number of jobs. 

 

From Figure 4-16, the distribution of job locations near the transfer station of Metro Line 1 and Line 2 and 

the transfer station of Line 1 and Line 3 has a clear positive effect on the distribution of the origins of 

shared bike trips. The transfer stations often attract large numbers of passengers to gather around in the 

commuting peak hours, which is a good explanation for the greater the number of job locations in the 

region, the more attracted bike rides from these places to the transfer stations. In the high-tech 

development zone, the distribution of companies and enterprises generally has a positive impact on the 
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distribution of the origins of shared bike trips. Because there are a large number of commuters who depart 

from the job locations and go to the metro stations in the evening peak hours.  

 

To the east of the city, the negative coefficients indicate the distribution of origins for shared bike trips 

slightly decreases as the number of job locations increases, because the area is mainly green space. In the 

evening rush hour, there is less demand for shared bikes in the area, thus, the bike trips rarely related to 

the distribution of job locations. 

 
Figure 4-16: The distribution of the coefficients of variable “the count of job POIs” 

➢ The number of destinations as dependent variables 
The results of GWR analysis show that the number of residence and recreation has a spatial 

heterogeneity on the impact of the distribution of the bike trips destinations in the evening peak. 

Therefore, the maps below (Figure 4-17,4-18) visualize the spatial distribution of the estimated parameter 

values of the number of residences, and recreation. 
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Similar to the impact of the number of residences on the distribution of shared bike trips during the 

morning peak hours, the number of residences near the terminal station of Metro Line 3 in the high-tech 

development zone has an obvious positive effect on the distribution of the destinations of shared bike 

trips. Because of the sparse bus lines in this dense residential area, it will attract a large number of people 

ride home from metro stations. It can be seen from Figure 4-17, the number of recreation venues has the 

most significant positive influence on the distribution of cycling destinations in the area near the 

Zhangbabeilu Station in the high-tech zone. There are also some popular recreation places in the region, 

the bike trips related to recreation are very common in this area during evening peak.  

 
Figure 4-17: The distribution of the coefficients of variable “the count of residence POIs” 
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Figure 4-18: The distribution of the coefficients of variable “the count of recreation POIs” 

4.4 Disussion  

4.4.1 The spatiotemporal characteristics of shared bike use for metro system through visualization  

In this study, the spatiotemporal distribution characteristics of the shared bike use as access and egress of 

metro stations in Xi'an city were revealed. From the temporal perspective, the research is mainly looking 

at the usage variation of the selected workday. The use of shared bikes during the day appears to have two 

peaks from 7:00 to 9:00 in the morning and from 5:00-7:00 in the evening, and the number of trips in 

these two periods is significantly greater than in other periods. Among them, the bike-metro trips 

accounted for more than 20% of all shared bike trips during the morning rush hour. These findings are 

similar to the studies by Yang (2019), which focused on Nanchang city. However, the research of Li 

(2019), and Yang (2019) shows that the variation in the usage of shared bikes during the workdays may 

occur in a single peak period or no peak in Nanjing city. This means that different size, topography, and 

economic development level of cities generally has different use patterns of the shared bikes (Du, 2019).  

 

On the other hand, from the spatial perspective, different visualization techniques combined with data 

processing methods are primarily used to identify the spatial characteristics of shared bike use for metro in 

the study area. According to the findings on the distribution of trip O-Ds, the distribution of O-Ds is 

quite different in the morning and evening peak hours. Moreover, there are obvious hot spots in the city 

center, near the metro transfer station, and in the high-tech zone. Due to its high degree of 

development, the city center is an attractive place for companies and enterprises, it also concentrates 

commercial and educational facilities leading to an overall high travel demand. These findings are 

consistent with other studies, such as Du (2019), and El-Assi (2017). In addition, results are also 
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consistent with the result of other studies that use Xi'an as a case city (Cheng, 2019). The conclusions of 

this study on the distribution of cycling paths and the distribution of cycling O-Ds are basically 

consistent. Compared with the network-based method discussed in other related studies, the visualization 

method used to generate riding paths is closer to the actual road network distribution. However, the 

“route plan” API returns the optimal routes with the shortest time or the shortest riding distance, hence, 

to a certain extent, the users’ actual choice behaviour and actual road conditions were ignored. 

4.4.2 Built environment effects on bike-metro trips  

Due to the limitation of data availability, this study mainly discussed the influencing factors related to 

urban land use based on POI data. The method consists of using the number of different POIs in a 

certain range as different independent variables to explore its impact on the use of shared bikes, an similar 

approach also seen in the studies of Ma, Zhang, Li, Wang and Zhao (2019), and  Ma, Cao, and Jin (2019). 

However, POI data represents residential buildings, office buildings, factories, schools, etc. in the form of 

points. The residential buildings, office buildings or shopping malls often contain many different 

households, offices, or shops that can show stronger attraction than only a point (Moridpour, Toran Pour, 

& Saghapour, 2019). In short, representing these places by points will cause a deviation in quantity. This is 

also one of the reasons why the coefficient estimates in GWR results are generally low. 

 

On the other hand, to reveal the link between these POI-based independent variables with the number of 

O-Ds of bike-metro trips, the GWR model was used to investigate the land use-related variables 

considering the spatial heterogeneity. The idea is consistent with the studies of Ma (2019), and Cardozo, 

García-Palomares, and Gutiérrez (2012). Inspired by the research of Yang (2019), and Xu (2019), the 

analysis of the influencing factors is based on 500 meter*500 meter cells. In order to make the research 

results more accurate, this study also experimented with 200m * 200m and 100m * 100m grids for global 

regression testing. However, the fitting degree did not improve. The proportion of each type of POI in 

the grid was also used as an independent variable for the study, but it also did not significantly improve 

the model fit since the R2 is basically around 0.2, which means the model can only explain 20% of the 

variation of the dependent variable. Therefore, the final determination was to use the 500-meter grid as 

the unit and the number of each type of POI as the independent variable in the research. The global 

regression results and the final results of the GWR model are comparable with the study of Cheng (2019) 

who uses a similar dataset and the same case study area.  

 

4.4.3 Recommendations for improving the shared bike system 

The areas near Kejilu, Yanpingmen and Zhangbabeilu Station in the High-tech Zone are concentrations 

of jobs. From the results, these areas are not only hot spots for the distribution of the origins and 

destinations of the bike-metro trips, but are also greatly influenced by the number of companies. 

Therefore, combining the challenges caused by the booming of DLBS bikes that discussed before, it is 

necessary to replenish the bikes in time in these hot spots during morning and evening peak hours to 

meet the needs of commuters who use shared bikes to connect with the metro system. In other words, it 

is important to ensure the efficiency of the rebalance in these areas. 

 

It is worth mentioning that in some areas, the coefficient value of the GWR model is high, but it is not an 

obvious hot spot for bike use from the visualization results. This means some specific land-use factors 

play a very important role in some areas that did not show an obvious concentration of bike-metro trips. 

For example, in the southeast area along Metro Line 3, and the transfer station of Line 2 and Line 3, the 

number of jobs has the most significant positive influence on the shared bike use. However, from the 
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visualization results, during the morning rush hours, the distribution of the destinations is not obviously 

clustering in this area. Because the area is close to the city center with diverse land use, the road network is 

dense, and public transportation is convenient. Although the area can attract more work-related shared 

bike trips during the morning rush hours, the area is not dominated by companies, so the shared bike trips 

did not concentrate during the morning rush hours. In other words, the use of shared bikes in these areas 

is sensitive to a certain type of land use. Therefore, with the expansion of the job locations, it is necessary 

to supplement the number of shared bikes in this area in time and improve the supporting facilities such 

as the designated parking areas to guide users to park the bikes. 

 

In addition, in some hot spot areas, the coefficient of influencing factors has a minimum value (such as 

the city center, the location of the high-tech zone near the city center), which often indicates that these 

areas have high land use diversity, and are slightly influenced by a certain of land use. The use of shared 

bikes in these areas generally does not change significantly due to the increase of certain types of land use. 

Therefore, more attention should be paid to the maintenance of the bikes and corresponding bike lanes 

in the area to ensure the efficiency of shared bike use. Besides, considering the usage of the shared bikes in 

these areas, some designated parking spaces can be planned to deal with parking disorder. 

 

From the perspective of cycling routes distribution (section 4.2.3.2 ), there are dense road network  in 

the central area of the city, but none of them is the most frequently used route for cycling. Because the 

development intensity of the downtown area is the highest and the land use is diverse. The cycling 

activities in this area have no clear purpose. Therefore, the riding routes are also scattered. The hot spots 

for cycling routes are mainly distributed in the high-tech zone, the administrative center on the north 

side of the city, and the areas near the stations along Line 3 on the east side of the city,which are high-

densely job or residential areas. Because the origins or destinations of these paths are mostly related to 

commuting, such as residential or job-related places. In addition, as can be seen from the road network 

distribution map of Xi'an (3.2.2.3), the road network in these areas is less dense than in the city center, so 

it is more likely to generate some high-frequency road sections. However, this also means a risk of mixed 

traffic on bikes and motorised vehicles. Thus, in these road sections, it is necessary to ensure the safety of 

riding environment. The planners should pay attention to increase the coverage of bike lanes, and to 

maintain the existing bike lanes in this area. The table below (Table 4-16) summarized the result 

combintions of the visualization and the GWR model, and the relevant suggestions for planners. 
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Table 4-16: Different combinations of the visualization and GWR model results 

       Visualization 

GWR    

 

High (Hot spot) Low (Non-hotspot) 

High coefficients These areas are often rich in POI 

types, and there are a lot of 

commuting trips in the morning 

and evening peaks. For the system 

improvement, the vehicles need to 

maintain and rebalance in time. 

Morning and evening peak cycling 

activities are not clearly gathered at 

this location, but there are bike-

metro trips related to certain specific 

activities (such as commuting). It is 

necessary to pay attention to the 

expansion of land use and 

supplement of shared bike-related 

facilities. 

Low coefficients The land use diversity is on a high 

level and the demand for shared 

bikes is large, but there is no 

obvious cycling activity related to 

a certain type of land use in the 

morning and evening peak. It is 

necessary to ensure the 

maintenance of facilities related 

to shared bikes (such as parking 

area, bicycle lanes, etc.) in this 

area. 

Generally appears in areas with low 

development intensity. It is 

important to add vehicles in time in 

these places according to the 

planning related to land use. 
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5 CONCLUSION  

To achieve objective 1, and objective 2, which is to provide insight in the spatiotemporal pattern of 

dockless shared bike usage for trips to/from metro stations, the GPS point data of tens of millions of 

shared bike trips was analysed in the Python environment. The O-D information of the bike trips was 

extracted. A method for identifying shared bike trips for connecting to the metro system was proposed. In 

order to visualize the spatial and temporal distribution of shared bikes from different aspects, this research 

also proposed a method of integrating O-D, and a method of generating cycling paths based on Route 

Plan API on Baidu Map Server. With the data preparation, different visualization tools such as statistical 

graphs, heat maps, interactive flow maps, and route distribution maps are used to show the distribution patterns of 

shared bike trips related to the metro.  

The analysis showed that in the study area, most of the shared bike trips are taken in the morning peak 

and have the most frequent cycling activities related to the metro. Besides, in the morning peak, there are a 

lot of cycling activities starting from the residential areas, and ending a metro station, or starting from 

the metro station, riding to the work place. The total amount of cycling activities in the evening peak is 

not as much as that in the morning peak, but the hot spots of cycling distribution have a reverse trend 

with the morning peak. This indicates that riding activities related to the metro are largely related to 

commuting. This is a pattern that should lead planners to focus on the management of parking spaces ，

rebalance of bikes in the residential and company intensive areas during peak hours. 

To achieve objective 3, which is to identify factors that influence the use patterns of bike-sharing for 

connecting with the metro stations, the POI data obtained from Baidu map server is used as a source of 

factors related to the distribution of land use. In this way, the relationship between the land use and the 

distribution of the origins and destinations of bike-metro trips in morning and evening peak hours were 

investigated. Consistent with the visualization results, in the global regression, residence count has the 

greatest impact on the cycling origins. Commuting-related variables such as the number of job and 

educational POIs have the greatest impact on the cycling destinations in the morning peak; In the 

evening rush hour, work-related variables have the greatest impact on the cycling origins, and the number 

of residential and recreation POIs have the greatest impact on the cycling destinations. In addition, the GWR 

reveals that during the two peak periods, residential and job distribution have spatial heterogeneity on the 

impact of the origins and destinations of bike-metro trips respectively. This means that the influence of 

these types of land use on the bike-metro trips varies from different regions in the study area. In 

conclusion, the distribution of cycling hotspots depends largely on the type of land use that related to 

commuting activities. 

Limitation and recommendation for future work 

The study used data processing methods combined with different visualization techniques to reveal the 

shared bike use variation in selected workdays, especially during peak hours. The GWR model was used to 

explain the link between the shared bike use for metro and the land use related factors. In this way, the 

research method can be applied after adaptations to understand the shared bike use as access and egress 

for metro system in other contexts from the spatial and temporal perspectives, as well as the influencing 

factors so as to solve the first and last mile problem more effectively. 
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First, this study conducts research on the basis of available shared bike data for three workdays. As the 

usage of the selected three days was found to be very similar in the study, the data of one day was selected 

for detailed analysis. Due to the volume of the data and computation time, a longer time frame was not 

into consideration. In the future, one week or two weeks data can be used for a more comprehensive 

analysis that compare the variation on workdays and weekends. 

 

Second, some socio-demographic and transport-facility factors can be considered if data is available. In 

this way, the influencing factors can be considered more comprehensively and the results are more 

convincing. 

 

Third, in line with the discussion, there are some drawbacks using POI data. In future research, it is 

necessary to use more advanced methods or more accurate indicators to reduce the limitations of POI 

data. 
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APPENDIX 

Appendix 1: Flow chart of POI extraction 

 

 
Appendix 2: The official POI classification of Baidu Map Server 

Category Type of POI 

Job Companies, factories and offices 

residence Residential area, dormitory 

commercial Shopping malls, department stores, supermarkets, convenience stores, 

building materials shop, digital shops, markets 

Recreation Resorts, cinemas, KTV, theaters, dance halls, internet cafes, game 

venues, bath and massage, leisure squares 

Green Parks, botanical gardens 

Education  Institutions of higher learning, middle schools, elementary schools, 

kindergartens, adult education, parent-child education, special education 

schools, scientific research institutions 

life services post office, logistics company, ticket office, laundry, photo studio, real 

estate agency, maintenance point, housekeeping service, funeral service, 

lottery sales point, pet service, public toilet 

Health care General hospitals, specialty hospitals, clinics, pharmacies, medical 

examination institutions, emergency centers 

Government  governments at all levels, administrative units, public prosecution law 

agencies, foreign-related agencies, party groups, welfare institutions 

(Source: Baidu Map Sever) 

Appendix 3: The code to determine the boundary of the dataset 

bounds = [108.79, 34.13, 109.11, 34.44] (Equation1) 

df=df[(df['LONGITUDE']>bounds[0])&(df['LONGITUDE']<bounds[2])& 

(df['LATITUDE']>bounds[1])&(df['LATITUDE']<bounds[3])] 

(Equation2) 

Appendix 4: The code to calculate linear distance 

C =  sin(MLatA) ∗ sin(MLatB) ∗ cos(MLonA − MLonB) +  cos(MLatA) ∗ cos(MLatB) (Equation3) 

Distance =  R ∗ Arccos(C) ∗ Pi/180 (Equation4) 
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Appendix 5: Work flow of integration the origins and destinations in 100*100 m2 cells for calculating the trip count 
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Appendix 6: The distribution of the POI count and the image of some hot spots. 

 
Appendix 7: The distribution of the shared bike trips of all 3 days 
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Appendix 8: The iteration steps of determining the optimal bandwidth 

 
 

Appendix 9: The geographical variability tests 

(1) In the morning peak hours, the distribution of destinations as dependent variable 

 
(2) In the evening peak hours, the distribution of origins as dependent variable 

 
(3) In the evening peak hours, the distribution of destinations as dependent variable 

 

Bandwidth search <golden section search> 

  Limits: 52,  1213 

 Golden section search begins... 

 Initial values 

  pL            Bandwidth:    52.000 Criterion:   6803.521 

  p1            Bandwidth:   116.700 Criterion:   6740.757 

  p2            Bandwidth:   156.687 Criterion:   6773.283 

  pU            Bandwidth:   221.388 Criterion:   6831.264 

 iter    1 (p1) Bandwidth:   116.700 Criterion:   6740.757 Diff:     39.987 

 iter    2 (p1) Bandwidth:    91.987 Criterion:   6727.408 Diff:     24.713 

 iter    3 (p2) Bandwidth:    91.987 Criterion:   6727.408 Diff:     15.274 

 iter    4 (p1) Bandwidth:    91.987 Criterion:   6727.408 Diff:      9.440 

 iter    5 (p1) Bandwidth:    86.153 Criterion:   6724.889 Diff:      5.834 

 iter    6 (p2) Bandwidth:    86.153 Criterion:   6724.889 Diff:      3.606 

 iter    7 (p1) Bandwidth:    86.153 Criterion:   6724.889 Diff:      2.228 

 iter    8 (p2) Bandwidth:    86.153 Criterion:   6724.889 Diff:      1.377 

 iter    9 (p1) Bandwidth:    86.153 Criterion:   6724.889 Diff:      0.851 

 iter   10 (p2) Bandwidth:    86.153 Criterion:   6724.889 Diff:      0.526 

Best bandwidth size 86.000 

Minimum AICc     6724.889 
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