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Abstract

Many cities around the world have adopted dockless bike-sharing programs with the hope that this new ser-

vice could enhance last-mile public transit connections. However, our understanding of the travel patterns

using dockless bike sharing is still limited. To advance the knowledge on the new service, this study inves-

tigates mobility patterns of dockless bike sharing in Singapore using a four-month dataset. An exploratory

spatiotemporal analysis is conducted to show daily travel patterns, while community detection of networks

is used to explore the spatial clusters emerged from cycling behaviors. A series of Poisson regression models

are then estimated to characterize the generation, attraction and resistance factors of bike trips in different

periods of a day. The proposed regression model, which considers built environment factors of origin and

destination simultaneously, is proved to be effective in deciphering mobility. The empirical findings shed

light on policy implications in sustainable transportation planning.
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1. Introduction1

Active mobility, such as walking and cycling, not only contributes to sustainable cities with concerns of2

environment and energy consumption, but also improves public health through combating cardiovascular3

risk (Celis-Morales et al., 2017; Hamer and Chida, 2008; Pucher et al., 2010; Zhang and Mi, 2018). The bike-4

sharing system—originated from the Netherlands in the 1960s—plays an essential role in promoting active5

travels (Ricci, 2015; Shaheen et al., 2010). The bike-sharing services have evolved with the information and6

communication technology for decades, and the traditional docked systems have become prevalent since the7

1990s (DeMaio, 2009; Shaheen et al., 2010). Nevertheless, one crucial barrier lowering its popularity is the8

constrained accessibility to docking stations (Fishman et al., 2014b). Fleet size is also largely limited by the9

number of docking stations and associated docks, which could disrupt services once asymmetric flows cause10

bike depletion at one station and overparking at another (Zhou, 2015).11

As of 2015, dockless bike sharing has emerged in China. It has fundamentally reformed the conventional12

bike-sharing service. The new services have expanded much faster than any dock-based system we have ever13

seen (Parkes et al., 2013). Fleet size has increased astronomically in China, and the new service has been14

diffusing to other countries. The fleet size of dockless bike in China alone has already exceeded the sum15

of all dock-based shared bikes across the globe. According to statistics from Meddin and DeMaio (2017),16
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by July 2017, there were about 1.34 million dock-based public bikes in operation in 1328 cities worldwide.17

Nonetheless, in the first quarter of 2017, the total fleet size of dockless shared bikes has reached over 4 million18

in China (iiMedia Research, 2017).19

The new service significantly aroused the enthusiasm for urban active mobility in the public by increasing20

the ease of access to shared bikes (Shen et al., 2018b; Xu et al., 2019). But, without the constraint of docking21

stations, its rampant growth also presents great challenges to urban planning and management that was22

hardly foreseen by urban planners and policymakers. The new bike-sharing service is considered to be a23

sustainable transportation mode. However, the usage of motor vehicles for fleet rebalancing may induce more24

energy consumption in cities (Fishman et al., 2014a; Hollingsworth et al., 2019). Also, the oversupply of bikes25

may lead to the abuse of public space. Thus, to better promote active mobility and to facilitate the decision26

process in dockless bike-sharing service regulation and policy-making, it is imperative to study the travel27

behavior using shared bikes. Current findings of dock-based bike sharing are insufficient to understand the28

mobility patterns of this new service, due to the allocation of docking stations. For instance, the destination29

at which a bike trip ends may not be resulted by the attractiveness of the destination area but is constrained30

by the location of docking stations. A bike rider may want to visit one place but has to return the bike at31

the docking station in the other area. Besides, an area without docking stations would also be an attractive32

origin or destination for cycling trips. Fortunately, with the embedded GPS and mobile communication33

modules installed in dockless shared bikes, we can reveal the free-floating movements of all available dockless34

shared bikes throughout the whole territory, to better understand the mobility patterns. Also, some studies35

have revealed that the usage pattern of docked bike-sharing services in US cities are quite different from36

dockless ones. For example, the usage pattern of dockless bike-sharing in Washington, D.C. did not show37

a two-peak temporal signature that occurred in docked bike-sharing service by member users (McKenzie,38

2019; Younes et al., 2020).39

The early study by Shen et al. (2018b) analyzes factors that influence the usage of dockless shared bikes.40

However, the investigation was performed by aggregating trips at the origins, thus, it cannot characterize41

bike movements in the city. The present study seeks to advance our understanding of bike-sharing mobility42

patterns through a four-month dataset from one of the largest dockless bike-sharing operators in Singapore43

with over 1.5 billion GPS records of all shared bikes. Besides, the built environment variables are extracted44

to study the driving force of shared-bike flows in various periods of the day. Different from past research45

regarding the impacts of the built environment on travel behavior, in this study, we construct models to46

understand the trip generation and attraction factors that drive mobility flows in the city.47

The remainder of this paper is organized as follows. The next section gives a brief review of modeling48

research on bike sharing. Then, we present the exploratory spatiotemporal data analyses which reveal the49

trip patterns of bike sharing across various periods from June to September 2017. After that, we implement a50

series of generalized linear models to explore the impacts of fleet size, built environment, and transportation51

infrastructures on bike flow during various periods of the day. The final section summarizes the findings and52

discusses policy implications.53

2. Related works: modeling bike-sharing mobility54

Researchers and practitioners have a long-standing interest in understanding the relationship between55

built environment and travel behavior (Ewing and Cervero, 2010), and recent research has increasingly56

scrutinized active transportation modes (Cao et al., 2021; Kondor et al., 2021). Bike sharing—a typical57
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active travel mode—has thus received more attention in recent years. It provides a green option that can58

improve transit accessibility and help relieve traffic congestion (Bagloee et al., 2016).59

Early bike-sharing studies have been limited to dock-based systems. The usage of these systems across the60

globe has been thoroughly discussed by Fishman (2016). These studies take advantage of either station-level61

or trip-level data to investigate trip demand and user behavior (Noland et al., 2019; Zhu and Diao, 2020).62

Faghih-Imani and Eluru (2016b) and Noland et al. (2016) studied the impact of land-use configuration,63

transportation infrastructures, and socio-demographics on bike usage. They found that land-use mixture,64

supporting cycling infrastructures, and population/employment density are positively associated with de-65

mand. Other studies have accounted for various factors—including weather and climate conditions, as well66

as calendar events—which may influence ridership (Corcoran et al., 2014; El-Assi et al., 2017; Faghih-Imani67

et al., 2014; Mateo-Babiano et al., 2016; Zhang et al., 2016). de Chardon et al. (2017) compare different68

systems and conclude that compactness and density of bike-sharing stations also contributes to usage. Fur-69

thermore, Zhao et al. (2014) note that the daily use of shared bikes is positively associated with the number of70

docking stations. And the number of bikes available at a station over time is found to be the most significant71

factor of the usage of bike sharing (de Chardon and Caruso, 2015). Liu and Lin (2019) look into the renting72

and returning activities of dock-based bike sharing in Taipei with the association between built environment73

variables. In terms of the usage of dockless bike sharing, the impact of bike fleet size, surrounding built74

environment, access to public transportation, bicycle infrastructure, and weather conditions on the usage of75

dockless bikes is revealed (Shen et al., 2018b; Xu et al., 2019; Zhu et al., 2020). Similarly, Ji et al. (2020)76

find that working, residential and transit land-use types are common driving factors for both dock-based and77

dockless bike sharing. Mooney et al. (2019) associate demographic variables with the usage of dockless bike78

sharing in Seattle, WA, and find that dockless bike sharing contributes to better neighborhood accessibility79

while the neighborhood with more educated residents has modestly more bikes. Also, dockless bikes are80

found popular in university campus and used often by students (Kellstedt et al., 2019). These studies inform81

the best practices of bike-sharing and provide insights into improving system performance from a planning82

perspective.83

Another group of studies involves analyses of station-level or trip-level data to optimize service quality by84

predicting usage. Demand prediction in the short term (hours to days) is imperative for fleet management;85

it offers input for either static or dynamic rebalancing models (Ghosh et al., 2017). Some investigations have86

also attempted to predict the usage of new stations, which helps to evaluate its impact on the system and87

potentially provide decision support in building new stations (Noland et al., 2016; Zhang et al., 2017).88

However, most studies analyze trip origins (departures) and destinations (arrivals) with isolated models89

(See, e.g., Corcoran et al., 2014; Faghih-Imani and Eluru, 2016a; Noland et al., 2016; Gao et al., 2021; Li et al.,90

2021, etc.). There has been limited research on considering origins and destinations simultaneously (El-Assi91

et al., 2017). Vogel et al. (2014) studied bicycle movements and user data and classified cycling behaviors92

into nine clusters, depending on usage intensity and trip regularity. Since the origins and destinations of93

these bike trips are constrained by docking stations, the analysis of urban mobility patterns is limited to94

dock-to-dock trips. Faghih-Imani and Eluru (2016a) obtained trip-level data, but their regression analysis95

does not fully utilize this information and is performed after aggregating arrivals and departures at the96

station-level. Buck et al. (2013) examined shared-bike trips based on surveys and showed that long-term97

bike-sharing service subscribers cycle mainly for work and other non-recreational purposes, while short-term98

users are more likely to cycle for recreational purpose. However, survey-based studies are constrained by99

high cost and limited sample size.100
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This study proposes a series of data analysis methods to advance our understanding of mobility patterns101

throughout the whole city area over a relatively long period. By dividing the trips into various periods,102

exploratory spatiotemporal analysis is conducted to understand the daily bike travel patterns. A weighted103

undirected network graph is then constructed to explore the clustered cycling behaviors within the city. A104

series of Poisson regression models are also estimated in different periods of a day, which corroborates the105

findings from exploratory data analysis and provides insight into time-sensitive behavior and factors that106

influence the generation and attraction of bike trips.107

3. Exploratory spatiotemporal data analysis108

We collected GPS records of all dockless shared bikes from one of the largest dockless bike-sharing109

operators in Singapore from June to September 2017. About 1.5 billion GPS observations were recorded110

during the four months. The data were collected anonymously with no user information associated. Each111

shared bike in the system had a unique ID, and the real-time location of each available bike in the system112

was logged at a frequency of one minute on average. The actual cycling trajectory remains unknown since113

the bikes cannot be tracked when in use. The trip origin and destination can be inferred from the shifts of114

GPS, which enables investigation of the mobility pattern of each bike during the study period.115

Since the GPS coordinates were periodically recorded in high frequency, raw data contain high redun-116

dancy. Besides, coordinates may occasionally be inaccurate, due to atmospheric or multipath effects. The117

raw data was therefore preprocessed before analysis to remove drifting coordinates, and we followed the same118

method used in Shen et al. (2018b) and Xu et al. (2019).119

3.1. Temporal analysis120

The fleet size of dockless bikes during the study period is plotted in Figure 1a. Compared to data from121

April 2017 (Shen et al., 2018b), the fleet has quadrupled at the beginning of June 2017. During the four122

months, the bike fleet size grew steadily, increasing from around 33,000 to over 40,000. The daily trips123

exhibit weekly periodicity and fluctuates during the study period. In general, more bike trips are observed124

from mid-July to early September, and after, the number of bike trips drops a bit.125

The daily travel patterns from June to September are illustrated in Figure 1b, with labels indicating126

the month of the year, the day of the week, and the hour of the day. The plots demonstrate that bike127

flows present a high regularity with recurrent patterns across the study period. The daily travel patterns on128

workdays share similar rhythms, and they differ from those on the weekends. During weekdays, a morning129

peak for bike trips is observed from 7 to 8 a.m., as well as an evening peak at around 6 p.m. These peak130

periods occur regularly every weekday, which are very likely to be commuting trips. On weekends, the131

number of trips is generally greater than that on workdays. The volume of trips from around 9 a.m. to early132

afternoon is similar to that during the morning peak hours on workdays. The peak period for bike trips133

appears in the late afternoon at around 6 p.m., and these trips occur twice as often compared to off-peak134

hours during the daytime.135

3.2. Cross-month spatial analysis136

The origins and destinations of dock-based bike-sharing trips are limited by the docking stations, while137

dockless trips are free of such constraints. The origins and destinations can be anywhere in the landscape138

that allows bike parking. To facilitate analysis, we discretized the study area into 300-by-300-meter land139

cells, such that the origin and destination of each bike trip can be aggregated. With millions of observed140
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(a) Fleet size and number of daily bike trips

(b) Diurnal usage rates

Figure 1: (a) Fleet size and bike trips during the study period, and (b) Diurnal usage rates, the grey dash lines show patterns
of each calendar day while solid blue/orange lines show average daily patterns in each month

bike trips during the study period, the spatial join of two datasets becomes computationally intensive. An141

efficient method (elaborated in Appendix A) has been developed based on the idea of linear referencing.142

For each land cell k over a duration of T hours, the difference between departure and arrival bike trips143

at hour t in month τ , denoted by δτkt, is calculated as follows:144

δτkt =

T∑
t

πτkt −
T∑
t

ϕτkt (1)

where πτkt and ϕτkt indicate the volumes of departure and arrival bike trips at hour t in month τ , re-145

spectively. Equation 1 calculates the differences in the number of bike trips at each land cell in four 3-hour146

periods during the day—morning (7 to 10 a.m.), noon (11 a.m. to 2 p.m.), late afternoon (5 to 8 p.m.), and147

night (9 to 12 a.m.)—on both weekdays and weekend in month τ . The spatial patterns of the differences148

between departure and arrival trips during weekdays in each month are plotted from Figure B.5 to Figure149

B.8, while the patterns during weekends are shown from B.9 to Figure B.12 in Appendix B. The gray150

cells in the figures indicate an absence of bike trips, mostly in nature reserves, industrial parks, airports, or151

military bases. A bluish cell represents more departures, whereas a reddish one indicates more arrivals. The152

darker the color, the greater the difference between the number of departure and arrival trips. A white land153

cell signals an equal number of arrival and departure bike trips. These figures show whether bike trips are154

balanced in each cell during the 3-hour period. It reflects the collective bike flows in the study area.155

Comparing with the bike travel patterns across the four months, although there are more bike trips156
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made in July and in August, the spatial patterns in each 3-hour interval are similar. Such similarity demon-157

strates highly regular and recurrent spatial dockless bike traveling patterns on weekdays and weekends with158

observable travel peaks.159

Because of high regularity revealed in both temporal and spatial patterns across the study period, to160

better understand the travel patterns within Singapore, for each 3-hour interval, we aggregate the four-month161

data together and present in Figure 2 (showing weekdays) and in Figure 3 (showing weekends).162

Figure 2: The differences between arrival and departure trips during weekdays. Red indicates more arrivals while blue indicates
more departures

Differences in arrival and departure trips during the morning peak period on workdays are shown in Figure163

2(A). In general, many bike trips are arriving at mass rapid transit (MRT) stations from the surrounding164

neighborhoods which are mostly residential. For example, residents living in the Tampines area have a large165

demand for first- and last-mile connections to the MRT station (Shen et al., 2018a). The land cells next to166

the station during this period are marked in dark red, indicating a large number of arrival trips to the station.167

In contrast, the neighboring land cells to MRT stations are blue, which suggests more departure trips. This168

implies that dockless bike-sharing may facilitate access to the stations during morning peak hours.169

Figure 2(B) has a lighter color. As in the figure, bike trips in this period occur less frequently than170

in others. Despite this trend, there are still more bike trips ending at the MRT stations, which are most171

likely from the neighboring residential areas. Compared to the morning peak, the color patterns of the p.m.172

peak hours, shown in Figure 2(C), are reversed. There are more homebound trips departing from the MRT173

stations. Many cycling trips are observed departing from the central business district (CBD) of Singapore,174

which has a large number of employees. In the same area during the morning peak (Figure 2(A)), the175

land cells are mainly reddish, indicating more arrival trips. Furthermore, patterns at night in Figure 2(D)176

demonstrate that more cycling trips are departing from MRT stations to neighboring residential areas until177

midnight.178
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Figure 3: The differences between arrival and departure trips during weekends. Red indicates more arrivals while blue indicates
more departures

Figures 3(A) to 3(D) present the arrival and departure cycling-trip patterns during the respective 3-hour179

periods on weekends. Figures 3(A) and 3(B) show more trips going to the MRT stations. However, in180

non-MRT cells, the color is reversed, which may imply more diversified cycling purposes on weekends. For181

example, some riders may cycle from one place to another in the morning and return to the origin during182

lunchtime. Figure 3(C) illustrates the spatial patterns of bike trips in the late afternoon. As in the figure,183

the peak period experiences the highest usage of dockless bike-sharing service. Although there are twice as184

many trips, the overall color of this figure is not significantly darker than others. Despite a large number of185

arrival and departure trips, the differences are generally balanced. Figure 3(D) shows the cycling patterns186

at night on weekends. Compared to the p.m. period, there are fewer trips in total, but the cells are darker187

and more reddish. This suggests a strong homebound pattern, with blueish land cells mostly concentrated188

in MRT stations and reddish ones in residential areas.189

3.3. Community detection and analysis190

To explore the collective cycling behaviors in the whole metropolitan area, the flow of bike trips between191

each OD pair was aggregated by month to detect the community structures of bike usage in Singapore192

across the study period. For each month t, A undirected weighted network Γt(N , Et,Wt) can be constructed.193

N = {i : i = 1, ..., N} is the set of nodes with each node referring to a land cell and N is the total number of194

cells. Et is the set of edge in which an edge etij between nodes i and j (i, j ∈ N ) exists if there is at least 1195

bike trip observed between the pair of nodes in month t. The weight of edge etij , denoted as wtij , is assigned196

as the number of bike trips between each pair of nodes (i, j) in month t. We then performed community197

detection based on Blondel et al.’s (2008) modularity optimization method. The networks in the four months198

were partitioned into the detected communities as visualized in the five-colored maps in Figure 4, each of199
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which occupies over eight square kilometers.1 The administrative boundaries of each planning area are also200

shown with the names labeled.2201

In general, the results from Figure 4 illustrate that communities are geographically clustered, which202

means that there are greater intra-community bike flows, and the trips are mainly local. Comparing with203

the detected community structures from Figure 4a to 4d, the results show that the community patterns are204

in general stable across the four months, with the number of main communities (≥ 8km2) being 20, 23, 22,205

and 21, respectively. In July and August, we can observe that in some areas, with intenser usage of dockless206

bikes, a greater number of local communities can be clustered. For instance, with an increasing number of207

bike trips in the west of Singapore Island from June to August, the Pasir Ris-Tampines area—classified as208

a single cycling community in June—is divided into two different local communities in July and in August.209

(a) June (b) July

(c) August (d) September

Figure 4: Community detection based on bike flows: five colors are used but only adjacent grids with the same color belong to
the same community

Comparing with the administrative boundaries, many communities align with planning areas. For in-210

stance, the community patterns observed delineate the administrative boundaries of Choa Chu Kang, Bukit211

Panjang, and Bukit Batok, despite the light-rail connection among these areas. This suggests that most of212

the bicycle trips start and end within these planning areas, and only a small number are inter-planning-area213

trips. Some planning areas with large residential regions (e.g., Woodlands, Sembawang, Yishun and Punggol)214

1For simplification, clusters with very few nodes have been discarded.
2The planning areas are defined by the Urban Redevelopment Authority of Singapore, In the figure, the small unlabeled

areas on the eastern side of Bukit Merah and Tanglin are the Central Area of Singapore, while Sentosa belongs to the Southern
Islands planning area.
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are consistent with the cycling-based communities as well.215

However, the community structure is not always consistent with administrative boundaries. For instance,216

Ang Mo Kio and Bishan are different planning areas, but they were identified as the same cycling-based217

community. Southwards, however, the CTE Expressway across Toa Payoh disrupts the connection between218

the eastern and western parts of the area. This implies that there are more inter-planning-area bike trips (i.e.,219

between the eastern part and Serangoon, and between the western part and Novena) than intra-planning-220

area ones between the two parts. Similarly, the AYE Expressway divides Jurong East into two communities.221

Sentosa, the famous island resort in Singapore, and the neighboring west-coast areas comprising several222

parks and nature reserves, form one cycling-based community. Most of the bike trips in these areas are likely223

for leisure purposes.224

4. Models and results225

4.1. Model specification and variables226

Poisson regression models are commonly used to estimate count data, such as pedestrian activities (Ewing227

et al., 2016) and crash frequencies (Lord and Mannering, 2010). To investigate the mobility patterns of228

dockless shared-bike trips, we analyzed the frequency of such trips in each OD pair. An OD pair is taken229

into the analysis if there is at least 1 bike trip observed during the four-month study period. The OD230

pairs that contain no bike trips during the study period are excluded as we assume that these OD pairs231

are infeasible for cycling. Therefore, in total 241,238 pairs of OD are taken into account for modeling.232

Specifically, we focus on four periods: the a.m. (7 a.m. to 10 a.m.) and p.m. (5 p.m. to 8 p.m.) period on233

both workdays and weekends. The bike-usage statistics are shown in Table 1. There is an over-dispersion234

of data, which means that the variance exceeds the mean of the bike-trip counts. Thus, this study uses an235

extension of the Poisson model, the negative binomial (i.e., Poisson-gamma) model. In this approach, the236

exponent of the error term is assumed to follow a gamma distribution.237

For the model, the bike-trip frequency (Yij) in each OD pair—from origin cell i to destination cell238

j—follows a Poisson distribution. The mean of this distribution is the expected bike trip frequency, λij ,239

determined by the generation factors Gi at i, attraction factors Aj at j, resistance factors Rij between i and240

j, and unobserved errors εij :241

Yij ∼ Poisson(λij) (2)

λij = f(Gi, Aj , Rij , εij) (3)

Generation and attraction factors mainly denote the properties of the origin and the destination, respec-242

tively; resistance factors, such as trip distance, quantify the difficulty level of traveling from the origin to243

destination. For each bike trip, the corresponding built environment and transportation variables at the244

origin and the destination were obtained through the procedures illustrated below, which follow the work of245

Shen et al. (2018b).246

The land-use density was measured based on the floor-area ratio, with four land-use categories: public247

residence (land use with public houses developed by the Singapore government, i.e. the HDB), private248

residence (with limited accessibility to metros and much higher property price), commercial areas, and249
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Table 1: Statistics of bike trips (Unit: number of bike trips)

Number of bike trips Mean Variance Max. Min.
June
Weekday 7 a.m. to 10 a.m. 0.51 6.52 136 0
Weekday 5 p.m. to 8 p.m. 1.06 16.58 283 0
Weekend 7 a.m. to 10 a.m. 0.22 1.03 67 0
Weekend 5 p.m. to 8 p.m. 0.47 3.16 75 0
July
Weekday 7 a.m. to 10 a.m. 0.72 14.37 376 0
Weekday 5 p.m. to 8 p.m. 1.20 26.55 483 0
Weekend 7 a.m. to 10 a.m. 0.35 2.67 124 0
Weekend 5 p.m. to 8 p.m. 0.78 9.73 188 0
August
Weekday 7 a.m. to 10 a.m. 0.91 23.12 577 0
Weekday 5 p.m. to 8 p.m. 1.34 32.50 508 0
Weekend 7 a.m. to 10 a.m. 0.28 1.79 70 0
Weekend 5 p.m. to 8 p.m. 0.55 5.78 163 0
September
Weekday 7 a.m. to 10 a.m. 0.61 9.32 240 0
Weekday 5 p.m. to 8 p.m. 0.98 16.41 271 0
Weekend 7 a.m. to 10 a.m. 0.24 1.46 114 0
Weekend 5 p.m. to 8 p.m. 0.50 5.51 290 0

industrial zones. With the building database fused from various sources (Zhu and Ferreira, 2015), the250

floor-area ratio ρkl of each land use l of cell k is calculated as:251

ρkl =

∑B
b abkl · nbkl

Sk
(4)

where abkl is the base area of building b with land use l at cell k, nbkl is the number of floors in b with252

land use l at k, and Sk is the total area of k.253

Diversity—the mixture of socioeconomic activities—is calculated based on 40,782 point of interests (POIs)254

recorded via Google Place API during the study period. We classified the POIs into seven groups: (1)255

companies, (2) public service institutions, (3) entertainment facilities, (4) hotels, (5) shops and retailers, (6)256

restaurants, and (7) transportation locales. The diversity of socioeconomic activities, denoted by Hk of cell257

k, is calculated based on the Shannon entropy index (Shannon, 1948):258

Hk = −
I∑
i

pik · logI pik (5)

where pik is the share of POI category i at k and I is the total number of groups. The value of Hk259

ranges from 0 to 1, where 0 indicates homogeneity of socioeconomic activities at k and 1 represents extreme260

heterogeneity.261

The index of cycling facilities Ck at k was measured based on the total length of cycling paths in the cell:262

Ck =
∑
m

Lmk (6)

where Lmk is the length of cycling path m at land cell k. The distance between the origin or destination263

cell to an MRT station is the road-network distance between the centroid of the land cell and the closest264
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MRT station, calculated using the Dijkstra’s algorithm. Similarly, the distance between the origin and the265

destination cell was also measured using the road-network distance.266

The statistics of bike fleet size during the 4 periods in each month are listed in Table 2. The numbers267

exhibit that the hourly fleet size of available shared bikes varies over time, where there was an increasing268

number of bikes put into the market until August. And we observe that the bike fleet size shrank in269

September. The statistics of other independent variables are shown in Table 3. The data of built environment-270

related variables in the origins and destinations are very similar in general.271

Table 2: Statistics of bike fleet size (Unit: number of bikes)

Hourly bike fleet size Mean Std. dev.1 Max. Min.
June
Weekday 7 a.m. to 10 a.m. 9.85 13.94 148.55 0
Weekday 5 p.m. to 8 p.m. 16.91 22.21 273.09 0
Weekend 7 a.m. to 10 a.m. 10.14 13.35 175.88 0
Weekend 5 p.m. to 8 p.m. 18.24 22.26 266.00 0
July
Weekday 7 a.m. to 10 a.m. 12.19 16.33 168.43 0
Weekday 5 p.m. to 8 p.m. 18.19 21.73 219.71 0
Weekend 7 a.m. to 10 a.m. 11.50 13.68 115.90 0
Weekend 5 p.m. to 8 p.m. 22.49 24.67 239.00 0
August
Weekday 7 a.m. to 10 a.m. 12.74 16.83 167.39 0
Weekday 5 p.m. to 8 p.m. 17.21 20.48 180.30 0
Weekend 7 a.m. to 10 a.m. 10.98 13.37 118.75 0
Weekend 5 p.m. to 8 p.m. 19.31 22.27 189.50 0
September
Weekday 7 a.m. to 10 a.m. 10.86 15.08 140.14 0
Weekday 5 p.m. to 8 p.m. 15.83 19.92 193.29 0
Weekend 7 a.m. to 10 a.m. 9.66 12.76 124.00 0
Weekend 5 p.m. to 8 p.m. 17.84 21.32 196.78 0
1 Std. dev.: Standard deviation.

4.2. Results and analysis272

For comparative purpose, 16 models were constructed and estimated. The results are listed from Table273

4 to Table 7 with z -values in parentheses, each of which shows the a.m. period in weekday (Table 4), the274

p.m. period in weekday (Table 5), the a.m. period in weekend (Table 6), and the p.m. period in weekend275

(Table 7), respectively. In each table, the model coefficients estimated for the four months are juxtaposed.276

The goodness-of-fit indicators—the Akaike information criterion (AIC)—of the models vary. In general, the277

numbers of bike trips are more predictable in the a.m. periods than in the p.m. periods. This is probably278

because cycling activities are more diverse in the afternoon. The findings are more consistent with the279

descriptive analysis discussed in the previous section.280

The intercepts of each model demonstrate that, by keeping all other variables as zero, the number of bike281

trips made in each OD pair in different periods. It, to some degree, reflects a general willingness-to-ride. The282

intercepts show that one is more willing to ride a bike in July and in August. Since the weather conditions in283

Singapore are quite stable in the whole year, it is probably resulted by the free-ride promotions in the months.284

Especially in August 2017, the dockless bikes can be used gratis for the whole month. The promotion ends285

in September, and we can observe an evident decline of willingness-to-ride on both weekdays and weekends.286
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Table 3: Statistics of other independent variables

Name of variables Mean Std. dev.1 Max. Min.
Generation factors at origin
Floor-area ratio of public residence at origin 0.47 0.69 6.70 0
Floor-area ratio of private residence at origin 0.21 0.39 3.86 0
Floor-area ratio of commercial areas at origin 0.14 0.40 4.56 0
Shannon entropy at origin 0.37 0.28 0.90 0
Distance to MRT station from origin cell (in km) 1.42 1.15 15.27 0.02
Attraction factors at destination
Floor-area ratio of public residence at destination 0.48 0.69 6.70 0
Floor-area ratio of private residence at destination 0.21 0.39 3.86 0
Floor-area ratio of commercial areas at destination 0.14 0.40 4.56 0
Shannon entropy at destination 0.37 0.28 0.89 0
Distance to MRT station from destination cell (in km) 1.43 1.16 15.82 0.02
Length of cycling path at destination cell (in km) 0.02 0.09 0.92 0
Resistance factors between origin and destination
Road-network distance between OD land cells (in km) 2.59 1.82 20.65 0
If OD in the same community: June (Yes=1) 0.02 0.13 1 0
If OD in the same community: July (Yes=1) 0.02 0.14 1 0
If OD in the same community: August (Yes=1) 0.02 0.13 1 0
If OD in the same community: September (Yes=1) 0.02 0.13 1 0
1 Std. dev.: Standard deviation.

Table 4: Modelling results (with z -value in parentheses): weekday 7 a.m. to 10 a.m.

Weekday, a.m. June July August September
Intercept 0.9145 (46.01)‡ 1.4445 (74.19)‡ 1.6743 (91.98)‡ 1.3857 (71.14)‡

Generation factors at origin
Square root of available bike fleet at origin 0.3713 (106.89)‡ 0.3362 (105.83)‡ 0.3393 (116.33)‡ 0.3625 (109.88)‡

If MRT station close by at origin 0.0699 (1.33) -0.0345 (-0.67) -0.1109 (-2.27)§ -0.1063 (-2.02)§

Floor-area ratio of public residence at origin 0.1873 (20.25)‡ 0.1932 (21.55)‡ 0.1779 (21.64)‡ 0.1886 (21.30)‡

Floor-area ratio of private residence at origin 0.1649 (10.27)‡ 0.1653 (10.74)‡ 0.1269 (8.85)‡ 0.1478 (9.53)‡

Floor-area ratio of commercial areas at origin -0.2071 (-11.75)‡ -0.2180 (-12.75)‡ -0.2797 (-17.43)‡ -0.2945 (-16.52)‡

Attraction factors at destination
If MRT station close by at destination 0.7510 (14.99)‡ 0.6364 (12.84)‡ 0.4808 (10.19)‡ 0.5797 (11.53)‡

Difference in entropy between destination and origin 0.2738 (17.18)‡ 0.2366 (15.43)‡ 0.2383 (16.75)‡ 0.2431 (15.70)‡

Length of cycling path at destination 0.4619 (7.06)‡ 0.3720 (5.77)‡ 0.2644 (4.36)‡ 0.1874 (2.83)†

Floor-area ratio of public residence at destination 0.0015 (0.15) -0.0327 (-3.57)‡ -0.0755 (-8.86)‡ -0.0879 (-9.43)‡

Floor-area ratio of private residence at destination -0.1070 (-6.33)‡ -0.1126 (-6.98)‡ -0.1336 (-8.92)‡ -0.1251 (-7.67)‡

Floor-area ratio of commercial areas at destination 0.3862 (26.71)‡ 0.3543 (25.1)‡ 0.3212 (24.25)‡ 0.3060 (21.15)‡

Resistance factors from origin to destination
Square root of road network distance -2.4772 (-173.08)‡ -2.7008 (-192.07)‡ -2.6749 (-206.06)‡ -2.7011 (-190.30)‡

If origin and destination in the same community 0.7062 (20.48)‡ 0.7548 (23.88)‡ 0.7869 (24.88)‡ 0.7391 (21.81)‡

Statistics
Number of observations 241,238 241,238 241,238 241,238
Null deviance (on 241237 degrees of freedom) 180,699 205,165 230,653 195,707
Residual deviance (on 241224 degrees of freedom) 110,379 118,559 131,786 114,867
Akaike information criterion (AIC) 312,445 355,751 405,524 337,557
‡ p < 0.001 † p < 0.01 § p < 0.05 * p < 0.1
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Table 5: Modelling results (with z -value in parentheses): weekday 5 p.m. to 8 p.m.

Weekday, p.m. June July August September
Intercept 1.2658 (89.38)‡ 1.4442 (98.61)‡ 1.6094 (114.09)‡ 1.4771 (98.83)‡

Generation factors at origin
Square root of available bike fleet at origin 0.2824 (139.38)‡ 0.2763 (129.39)‡ 0.2824 (133.79)‡ 0.2907 (128.01)‡

If MRT station close by at origin 0.0923 (2.56)§ 0.0700 (1.89)* 0.0182 (0.50) 0.0980 (2.59)†

Floor-area ratio of public residence at origin -0.0967 (-13.98)‡ -0.1265 (-17.81)‡ -0.1214 (-18.10)‡ -0.1216 (-16.93)‡

Floor-area ratio of private residence at origin -0.1259 (-10.73)‡ -0.1540 (-12.91)‡ -0.1769 (-15.43)‡ -0.1819 (-14.73)‡

Floor-area ratio of commercial areas at origin 0.0867 (8.16)‡ 0.1336 (12.44)‡ 0.0902 (8.64)‡ 0.0807 (7.18)‡

Attraction factors at destination
If MRT station close by at destination 0.6353 (17.54)‡ 0.5187 (13.77)‡ 0.3755 (10.14)‡ 0.5771 (15.06)‡

Difference in entropy between destination and origin 0.1842 (16.39)‡ 0.1829 (15.97)‡ 0.1997 (18.16)‡ 0.2004 (16.93)‡

Length of cycling path at destination 0.5231 (11.56)‡ 0.4827 (10.39)‡ 0.3962 (8.78)‡ 0.3700 (7.64)‡

Floor-area ratio of public residence at destination 0.2502 (39.49)‡ 0.2769 (42.99)‡ 0.2361 (37.94)‡ 0.2296 (34.34)‡

Floor-area ratio of private residence at destination 0.1645 (14.44)‡ 0.2285 (19.93)‡ 0.2089 (18.96)‡ 0.2142 (18.10)‡

Floor-area ratio of commercial areas at destination 0.1804 (16.55)‡ 0.1538 (13.75)‡ 0.1425 (13.23)‡ 0.1727 (15.06)‡

Resistance factors from origin to destination
Square root of road network distance -2.1202 (-218.25)‡ -2.2511 (-224.62)‡ -2.2536 (-234.42)‡ -2.3628 (-225.30)‡

If origin and destination in the same community 0.8511 (33.75)‡ 0.8058 (33.34)‡ 0.9383 (38.03)‡ 0.7871 (29.91)‡

Statistics
Number of observations 241,238 241,238 241,238 241,238
Null deviance (on 241237 degrees of freedom) 287,146 295,771 312,023 278,126
Residual deviance (on 241224 degrees of freedom) 171,354 170,683 178,506 161,112
Akaike information criterion (AIC) 499,425 509,309 541,960 465,994
‡ p < 0.001 † p < 0.01 § p < 0.05 * p < 0.1

Table 6: Modelling results (with z -value in parentheses): weekend 7 a.m. to 10 a.m.

Weekend, a.m. June July August September
Intercept -0.2080 (-9.63)‡ 0.3189 (15.96)‡ 0.1697 (8.09)‡ 0.1365 (6.35)‡

Generation factors at origin
Square root of available bike fleet at origin 0.3942 (105.14)‡ 0.3883 (109.72)‡ 0.3994 (107.79)‡ 0.4081 (104.54)‡

If MRT station close by at origin -0.0140 (-0.23) 0.0432 (0.79) -0.0554 (-0.92) 0.0167 (0.27)
Floor-area ratio of public residence at origin 0.0657 (6.30)‡ 0.0721 (7.58)‡ 0.0815 (8.24)‡ 0.1218 (12.07)‡

Floor-area ratio of private residence at origin 0.0055 (0.30) 0.0215 (1.27) 0.0288 (1.63) 0.0160 (0.86)
Floor-area ratio of commercial areas at origin -0.1589 (-7.73)‡ -0.1616 (-8.63)‡ -0.2073 (-10.13)‡ -0.2084 (-9.90)‡

Attraction factors at destination
If MRT station close by at destination 0.5442 (9.41)‡ 0.4615 (8.61)‡ 0.3734 (6.41)‡ 0.5322 (9.14)‡

Difference in entropy between destination and origin 0.3142 (17.48)‡ 0.3190 (19.65)‡ 0.3126 (18.05)‡ 0.3218 (17.76)‡

Length of cycling path at destination 0.3860 (5.58)‡ 0.3353 (5.23)‡ 0.2584 (3.75)‡ 0.3146 (4.42)‡

Floor-area ratio of public residence at destination 0.1161 (11.47)‡ 0.1119 (12.22)‡ 0.0934 (9.55)‡ 0.0899 (8.81)‡

Floor-area ratio of private residence at destination -0.0124 (-0.65) -0.0632 (-3.64)‡ -0.0147 (-0.8) -0.0403 (-2.09)§

Floor-area ratio of commercial areas at destination 0.1629 (8.86)‡ 0.1297 (7.75)‡ 0.1595 (8.96)‡ 0.1645 (8.87)‡

Resistance factors from origin to destination
Square root of road network distance -2.2117 (-142.24)‡ -2.3966 (-166.01)‡ -2.4505 (-159.13)‡ -2.5013 (-155.69)‡

If origin and destination in the same community 0.7536 (22.83)‡ 0.7015 (23.88)‡ 0.8209 (25.93)‡ 0.6794 (20.43)‡

Statistics
Number of observations 241,238 241,238 241,238 241,238
Null deviance (on 241237 degrees of freedom) 139,189 174,747 157,167 144,627
Residual deviance (on 241224 degrees of freedom) 88,857 103,672 93,800 87,411
Akaike information criterion (AIC) 206,352 257,395 227,126 207,322
‡ p < 0.001 † p < 0.01 § p < 0.05 * p < 0.1
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Table 7: Modelling results (with z -value in parentheses): weekend 5 p.m. to 8 p.m.

Weekend, p.m. June July August September
Intercept 0.1761 (10.44)‡ 0.7605 (48.85)‡ 0.5964 (35.43)‡ 0.5672 (33.42)‡

Generation factors at origin
Square root of available bike fleet at origin 0.3036 (129.03)‡ 0.2863 (135.33)‡ 0.3050 (128.14)‡ 0.3186 (130.09)‡

If MRT station close by at origin 0.0128 (0.29) 0.0627 (1.58) 0.0477 (1.08) 0.0169 (0.38)
Floor-area ratio of public residence at origin -0.0757 (-9.13)‡ -0.0766 (-10.19)‡ -0.0424 (-5.26)‡ -0.0469 (-5.75)‡

Floor-area ratio of private residence at origin -0.0492 (-3.45)‡ -0.0432 (-3.41)‡ -0.0537 (-3.83)‡ -0.0561 (-3.95)‡

Floor-area ratio of commercial areas at origin -0.0727 (-5.25)‡ -0.0714 (-5.7)‡ -0.0900 (-6.39)‡ -0.0572 (-4.17)‡

Attraction factors at destination
If MRT station close by at destination 0.5040 (11.49)‡ 0.4711 (11.76)‡ 0.4509 (10.20)‡ 0.4848 (10.88)‡

Difference in entropy between destination and origin 0.2305 (16.95)‡ 0.2545 (20.76)‡ 0.2604 (19.22)‡ 0.2386 (17.24)‡

Length of cycling path at destination 0.4165 (7.70)‡ 0.3635 (7.31)‡ 0.3612 (6.64)‡ 0.3175 (5.65)‡

Floor-area ratio of public residence at destination 0.1302 (16.87)‡ 0.1326 (19.02)‡ 0.1405 (18.39)‡ 0.1146 (14.56)‡

Floor-area ratio of private residence at destination 0.0507 (3.60)‡ 0.0605 (4.82)‡ 0.1037 (7.52)‡ 0.1042 (7.44)‡

Floor-area ratio of commercial areas at destination 0.1981 (15.11)‡ 0.1985 (16.93)‡ 0.2201 (16.95)‡ 0.2350 (18.03)‡

Resistance factors from origin to destination
Square root of road network distance -1.9126 (-165.65)‡ -2.0940 (-197.23)‡ -2.2586 (-189.76)‡ -2.2921 (-188.57)‡

If origin and destination in the same community 1.3199 (49.67)‡ 1.1891 (49.81)‡ 1.2444 (47.64)‡ 1.2197 (45.44)‡

Statistics
Number of observations 241,238 241,238 241,238 241,238
Null deviance (on 241237 degrees of freedom) 206,221 257,084 227,316 218,243
Residual deviance (on 241224 degrees of freedom) 131,930 153,221 132,905 128,572
Akaike information criterion (AIC) 332,033 420,167 343,749 327,432
‡ p < 0.001 † p < 0.01 § p < 0.05 * p < 0.1

Keeping all other variables constant, customers present a stronger willingness-to-ride on weekdays than on287

weekends. Comparing with the intercepts by the hours of a day, the willingness seems similar on weekdays288

in both morning and afternoon periods. However, on weekends, the willingness-to-ride in the morning is289

much lower than that in the afternoon.290

In each table, the coefficients of bike fleet size, socioeconomic diversity, land-use types, cycling infrastruc-291

tures, road-network distance and in-community travel on the number of bike trips are consistent in both signs292

and the order of magnitude in the four-month study period. Comparing with the models for each month293

across the tables, the signs and significance of the land-use related coefficients vary, representing different294

types of travel activities made in different periods of a day.295

For all models, a greater supply of dockless shared bikes is associated with more cycling trips, where the296

square root of bike fleet size was taken according to the decreasing marginal impact (Shen et al., 2018b). In297

the same period of different months, the coefficients are similar. Given the same amount of available bikes298

in different periods of weekdays, people prefer to ride a bike in the morning than in the afternoon.299

In the models, if the distance between origin/destination and the nearby MRT station is shorter than300

150 m, a reference for urban pedestrian-oriented block size (Hess et al., 1999), we define that there is an301

MRT station close by. On average, about 0.5 additional bike trip is likely to be made in an OD pair if the302

destination is close to an MRT station. It hints that the dockless bike-sharing service facilitates the first-mile303

travel demand to the MRT. During the a.m. periods on both weekday and weekend, the coefficients of a304

nearby MRT station at origin is negative or insignificant, showing that the bike trips are more likely to be305

uni-directional, departing from home and arriving at the MRT station in the morning. In the afternoon of306

weekdays, more bike trips are starting from the MRT station to the other areas comparing with the a.m.307

travel patterns. However, the coefficients present a general imbalance of bike trips with more trips towards308

the MRT station. Such travel patterns suggest that, for bike-sharing service providers, a daily reposition of309

bikes from MRT to the other areas is recommended.310

The diversity of socioeconomic activities is calculated using the entropy index of the destination land cell311
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minus the index of the origin land cell. A positive difference value suggests that socioeconomic activities at312

the destination land cell are more diversified than at the origin. The coefficients are all greater than zero313

in all models, indicating that dockless bike users tend to cycle to areas with more diverse socioeconomic314

activities. In addition, people are more motivated to take bike trips if there are more cycling paths at the315

destination. When the distance between the origin and destination land cells increases, the utility of bike316

trips largely declines.317

The land-use related coefficients at both the origins and destinations reflect the characteristics of dockless318

bike trip activities. During the a.m. period on weekdays, both public and private residential areas are positive319

generation factors, while commercial land use is a positive attraction factor. These results reveal that bike320

trips are very likely to start from either public and private residential areas and end in commercial areas. The321

coefficients of private residential land use at the destination are insignificant, suggesting that these land uses322

have limited attraction for bike trips. During p.m. hours on weekdays, the coefficients of commercial areas323

at the origin and the destination are both positive, implying that such areas are popular both as trip origins324

and as destinations. In addition, the coefficients of residential areas at the destination are positive, while the325

land use of public and private residences at the origin is significantly negative. These findings indicate that326

there are many homebound bike trips made in the afternoon of a workday. The land-use impacts during the327

a.m. and p.m. study periods on weekdays are consistent across the four months. It highlights the regular328

and recurrent cycling behaviors. During morning peak hours, people travel to workplaces or business areas329

by bike, while during p.m. peak hours, they depart from the workplace and cycle home. However, the cycling330

activities in the evening are more complex and diverse, both departing from and arriving at the commercial331

areas.332

As for weekend mornings, the results show that fewer bike trips are coming from commercial areas,333

but more heading toward the commercial areas. The coefficient of private residences at the destination is334

negative, while the estimate for public residences is positive. This indicates that bike trips in this period335

are less likely to end up in private residential areas. In the afternoon, we can find that the majority of bike336

trips in this period are homebound.337

5. Summary and discussions338

This study deepens our understanding of the mobility patterns of dockless shared bikes by focusing on339

the driving forces of mobility in different periods of a day. In the four months, over 1.5 billion GPS records340

of all shared bikes from one of the largest dockless bike-sharing operators in Singapore were collected from341

June to September 2017.342

An exploratory spatiotemporal analysis of the bike trips is conducted, revealing a high spatiotemporal343

regularity with the recurrent patterns across the four months. The daily travels show distinctive patterns344

on workdays and weekends. On weekdays, peak periods of bike usage appeared at around 8 a.m. and 6345

p.m.. On weekends, riders tend to cycle more in the late afternoon. More trips start from the residential346

areas in the morning and arrive at these areas in the evening. During morning peaks on weekdays, we347

observed many bike trips approaching MRT stations. However, on weekends, the origins and destinations348

are more diversified. The emerged communities based on cycling networks are found to be locally clustered.349

A planning area may be divided into several cycling-based communities due to infrastructures such as the350

expressway, while several planning areas can also be identified as part of the same community with similar351

land-use or socioeconomic characteristics—e.g., the leisure corridor from the Sentosa resort to the nature352

parks along the west coast of Singapore Island.353
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To further assess the impacts of the built environment and transportation network on dockless bike trips,354

we adopted a series of Poisson models. The results corroborate the findings of the exploratory spatiotemporal355

data analysis: the availability of shared bikes at the origin, the diversity of socio-economic activities at the356

destination, and the cycling infrastructures are positive driving forces for cycling. Besides, the factors of357

cycling communities explain part of the variations in trip generations. Also, the results reveal that the358

dockless bike-sharing service is likely to enhance the first-mile connection to MRT stations.359

5.1. Policy implications360

Active mobility is adopted in many cities worldwide to facilitate sustainable urban development. Unlike361

dock-based systems, the free-floating shared bikes bring us an opportunity for unconstrained active travels in362

the city. The regularity of cycling behaviors with recurrent spatiotemporal mobility patterns evidence that363

long-term supportive policies and projects, e.g. construction or renovation of active travel infrastructures,364

would be worthy of initiating for the promotion of active mobility.365

The rapid expansion of dockless bike sharing is beyond the expectation of policymakers and researchers.366

The new service not only brings convenience to bike users but also presents challenges to urban planners367

and policymakers. At the early stage, cities rushed to enact various regulation strategies without a good368

understanding of the new service. Moreover, service providers, driven by economic interests, dumped tons369

of bikes into the city without careful investigations of actual demand. Both of these behaviors may harm its370

long-term sustainability. This study contributes to enhancing our knowledge of dockless bike-sharing services371

from the demand side. The three categories of factors—generation factors at the origin, attraction factors at372

the destination, and resistance factors measuring impedance from the origin to the destination—characterized373

in this research can help better regulate the dockless bike-sharing service. With a good understanding of374

the service and mobility patterns, better regulation policies that keep the competition of the bike-sharing375

market healthier can be enacted and enforced.376

The study also reveals the potential of big data for urban mobility management. In light of the bike377

movement data, we can depict the mobility patterns in different periods across the four-month period.378

Thus, access to real-time bike-sharing data for the city government is required to better regulate dockless379

bike services, although the level of details released by the companies can be negotiated.380

Finally, for service operation, the study finds that the number of bike trips arriving at metro stations is381

more than the opposite, leading to an imbalance of the fleet distribution. The daily relocation of bikes from382

the metro station to other areas is recommended to increase the utilization rate of the service. Meanwhile,383

lots of bikes remain unused every day. How to efficiently mobilize shared bikes and what is the minimal or384

optimal flee size becomes essential for operators and city authorities to sustain bike-sharing services.385

5.2. Limitation and future works386

Dockless bike sharing aroused people’s enthusiasm to ride bikes. However, it does not automatically387

direct us to urban sustainability. With unregulated competition, the operation of some dockless bike-sharing388

services, e.g. Ofo in China, can easily go out of control and suffered significant financial difficulties after389

waging a price war against each other. Moreover, the oversupply of bikes which occupies large urban public390

spaces can also harm the environment and urban aesthetics.391

The present study cannot reveal all existing issues of dockless bike sharing. However, based on the392

knowledge of cycling behaviors revealed in our study, we are able to better discuss regulation and optimization393

strategies of dockless bike services in future works. Specifically, the following four aspects of future research394
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are proposed, which could help the policymakers and practitioners to promote sustainable transportation395

with more effective strategies and to nurture a healthier bike-sharing system:396

• Fleet management: More detailed data mining studies tracking movements of each bike is suggested397

to study the intensity of usage and the lifespan of the bike. It may help us to understand the main-398

tenance cost of the fleet. In addition, our study reveals that: 1) a large number of local bike trips399

aggregates into local communities, and 2) there are more bike trips towards the metro stations than400

leaving away from the stations. This offers valuable premises for the future development of fleet re-401

balancing algorithms. A daily reposition of bikes within the detected community area using the metro402

stations as the starting point could be more efficient.403

• Dockless vs. dock-based: Based on the findings of this study and the recent comparison conducted404

by Ji et al. (2020), future research on longer-period data to compare the mobility patterns of dockless405

bike sharing with that of dock-based bike sharing are suggested. Existing analyses of dock-based and406

dockless bike-sharing systems present very similar results. However, based on the mobility patterns407

of dockless bike sharing, a more comprehensive comparative study can contribute to a deeper under-408

standing of the dock-based system. The potential bidirectional causality between bike trip destination409

and the installation of docking stations should be carefully investigated, which can help the dock-based410

bike-sharing operators to better allocate their docking stations.411

• Market competition: This study focus on the movements of bikes from a single dockless bike-412

sharing operator. However, the market situationx is more complex with intense competition. At the413

early stage when dockless bike sharing emerged, without proper regulations, the operators got locked414

into the tragedy of the commons, leading to the oversupply of bikes that harms the environment and415

the financial status. Future studies based on the dockless bike-sharing data from multiple operators416

may help to reveal the dynamics of competition in the bike-sharing market, which can contribute to a417

better decision-making process for the city policymakers.418

• Modal shift and multimodality: This study hints that dockless bike sharing may facilitate the419

first- and last-mile trips to public transit. To achieve urban sustainability with dockless bike sharing,420

the modal shift from driving personal vehicles to the integration of cycling and public transit should be421

encouraged, whereas taking the pedestrians off the sidewalks does not necessarily benefit the environ-422

ment. Thus, future works incorporating travel surveys or other sources of big data like smart-card or423

mobile phone data to deepen our understanding of the impacts of dockless bike sharing on the general424

urban mobility system and to offer suggestions for integrating bike sharing with public transit.425
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Appendix A. A method of spatial joining431

We first projected the study area into quadrant I of a two-dimensional Cartesian system, and represented432

it as a grid-cell lattice with m columns and n rows. There were over 20 000 cells in our study area. They433
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were assigned ordinal land-cell IDs, starting from 0 in the top-left corner. The ID increases rightward by434

column and downward by row. Equation A.1 was developed to match the ID of the corresponding land cell435

to the observed coordinate (xi, yi) of each bike. The cell ID assigned to the coordinate of each bike, denoted436

by k, can thus be calculated:437

k = b(max y − yi)/φc · (maxx−minx)/ξ + b(xi −minx)/ξc (A.1)

where ξ and φ indicate the width and height of the land cell, respectively, both of which equal 300 in438

this study. With (maxx−minx)/ξ = m, Equation A.1 can be rewritten as:439

k = b(max y − yi)/φc ·m+ b(xi −minx)/ξc (A.2)

The two datasets can thus be joined.440

Appendix B. Arrival and departure bike trips by month441

Appendix B.1. Weekdays442

Figure B.5: Arrival and departure bike trips during weekdays in June
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Figure B.6: Arrival and departure bike trips during weekdays in July

Figure B.7: Arrival and departure bike trips during weekdays in August
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Figure B.8: Arrival and departure bike trips during weekdays in September

Appendix B.2. Weekends443

Figure B.9: Arrival and departure bike trips during weekends in June
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Figure B.10: Arrival and departure bike trips during weekends in July

Figure B.11: Arrival and departure bike trips during weekends in August
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Figure B.12: Arrival and departure bike trips during weekends in September
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