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Abstract: Dockless bike-sharing (DBS) is a green and flexible travel mode, which has been considered
as an effective way to address the first-and-last mile problem. A two-level process is developed to
identify the integrated DBS—-metro trips. Then, DBS trip data, metro passenger data, socioeconomic
data, and built environment data in Shanghai are used to analyze the spatiotemporal characteristics of
integrated trips and the correlations between the integrated trips and the explanatory variables. Next,
multicollinearity tests and autocorrelation tests are conducted to select the best explanatory variables.
Finally, a geographically and temporally weighted regression (GTWR) model is adopted to examine
the determinants of integrated trips over space and time. The results show that the integrated trips
account for 16.8% of total DBS trips and that departure-transfer trips are greater than arrival-transfer
trips. Moreover, the integrated trips are concentrated in the central area of the city. In terms of impact
factors, it is found that GDP, government count, and restaurant count are negatively correlated with
the number of integrated trips, while house price, entropy of land use, transfer accessibility index,
and metro passenger flow show positive relationships. In addition, the results show that the GTWR
model outperforms the OLS model and the GWR model.

Keywords: travel mobility; dockless bike-sharing; metro; integrated use; multisource data

1. Introduction

As a green travel mode, dockless bike-sharing (DBS) has become an essential part of
sustainable transportation, which greatly enhances the accessibility of cities [1-3]. There
are various advantages of DBS, such as convenient use, flexible stopping, low price, and
no emission. Since 2016, the emerging DBS swept across the majority of cities in China.
DBS could not only provide a user-friendly and flexible door-to-door service; it could also
provide a seamless transfer service with public transport [4]. In many transit-oriented cities,
DBS plays a key role in solving the first-and-last mile problems.

Public transport systems with priority policies are considered to be an effective way to
alleviate urban diseases such as traffic congestion and air pollution [5]. The metro system
is the main component of public transport, which provides fast, cleaner, and high-capacity
service. However, the weak connections and low accessibility caused by low network
density hinder the more widespread use of metro systems. The emerging DBS greatly
promotes the use of metros and even alleviates road congestion [6]. In the past several years,
there have been numerous studies on the connections between DBS and metro, focusing on
the spatiotemporal characteristics [7,8], impact factors analysis [9-11], accessibility [12,13],
network-based features [14,15], etc. Besides the metro, DBS could also connect with buses
for first-and-last mile, which increases bus ridership [16,17].

The usage of DBS is affected by many factors, such as the built environment, weather,
sociodemographic factors, and the pandemic [18-21]. Liu et al. pointed out that daily
DBS trips were significantly related with the density, diversity, and most types of land-use,
and the effect of density varies with hours [22]. Zhao and Li showed that distance is the
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most crucial influence on transfer trips between metro and home or workplace [23]. A
further study shows that 85% of DBS travel distances are within 2 km [14], and travelers
prefer to choose busses for a longer travel time [24]. In China, commuters with school- or
work-related trips are more likely to use DBS, while female, older, and low-income ones
are less like to use it to connect metro [25]. In the USA, Mohiuddin et al. claimed that
low-income users, people of color, and no-auto-owners were more likely than other groups
to utilize bike-sharing for many purposes [20].

Detecting the transfer trips of DBS is a critical issue for studying the integrated use
of DBS and the metro. Due to the different fare systems, it is difficult to achieve accurate
transfer trips. A typical method to identify transfer trips is creating a distance buffer around
each metro station. A study of Shanghai shows that 45% of check-in points are located
within a 300 m radius of metro stations [26]. Ji et al. pointed out that 90% of transfer trips
are finished within 300 m [25]. Lin et al. proposed 50 m as buffer distance, and Xing et al.
suggested 100 m as the upper bound [27,28]. Yu et al. studied the spatiotemporal travel
demand of DBS-metro with buffer distances from 30 m to 100 m [29]. Besides DBS, there
are other travel modes that are used to transfer to the metro, such as walking, e-bikes, and
busses. For longer distances, travelers prefer to use e-bikes and busses to connect with
metro stations [30,31].

Understanding the travel patterns of integrated DBS and metro trips could promote
the sustainable development of multimodal transportation. Previous studies undertook a
lot of work to identify the spatiotemporal characteristics of the integrated use of DBS and
the metro and the relationships between influence factors. However, there were limited
studies focusing on the dynamic correlations between transfer trips and influence factors.
In addition, most related studies did not consider the relationship between transfer trips
and metro flow. As a significant transfer mode, the number of DBS transfer trips may be
affected by metro flow. To fill these gaps, this study proposed a framework within which to
explore the integrated usage of DBS and the metro considering metro flow and accessibility.
The contributions are as follows:

(1) Propose a two-step recognition method for identifying more accurate transfer trips
between dockless bike-sharing and the metro and divide the types of transfer trips
into arrival-transfer trips and departure-transfer trips.

(2) Explore the spatiotemporal characteristics of arrival-transfer trips and departure-
transfer trips and detect the accessibility and inequity of transfer trips.

(3) Adopt a geographically and temporally weighted regression (GTWR) model to better
understand the mechanism of the impact of variables on transfer trips, considering
factors such as the socioeconomic, land-use, and explanatory variables of the metro.

The rest of this paper is organized as follows. Section 2 gives the literature review.
Section 3 presents the data descriptions. The identifications of transfer trips and methods
are proposed in Section 4. Section 5 presents the results. Section 6 discusses the study.
Finally, Section 7 concludes the paper.

2. Literature Review
2.1. Spatial-Temporal Characteristics of Bike-Sharing Trip

With the help of devices installed on DBS, the trip information of timestamps and
locations can be recorded, which enables researchers to analyze the spatiotemporal char-
acteristics. Previous studies did a lot of work on travel mobility, heterogeneity, and rebal-
ance [28,32,33]. Li and Dai et al. argued that the rides peak hour was 18:00 and concentrated
in the core area of cities [34]. Zheng et al. studied Mobike bike sharing system in Beijing and
found that the unbalance of nodes in mobility OD network follows a power law distribu-
tion [35]. In recent years, network-based methods for DBS draw much attention. Yang et al.
proposed graph-based approaches to study the changes in spatiotemporal travel behaviors
of DBS when a new metro line came to operation, and they found the new metro service
boosted nearby bike demand [36]. Tian et al. used complex network theory to study the
dynamic evolution of demand fluctuation of bike-sharing by indicators of node strength,
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average path length, and betweenness [37]. Zhang et al. proposed a spatial network analy-
sis framework of DBS by dividing the studied area into grids, finding that the DBS network
is assortative and positively autocorrelated with evident communities [38]. Recently, graph-
based prediction of DBS short-term demand has become a hotspot [39-41]. Dasterdi and
Morency proposed a CNN-LSTM deep learning method to predict DBS demand at com-
munity level, which outperforms other compared methods [42]. The COVID-19 pandemic
brought many changes in traveler’s behavior of bike-sharing, leading to trip decreases and
a lower proportion of commuting trips [43]. Li et al. pointed out that the proportions of
home, park, and grocery activities increased, while the proportions of leisure and shopping
activities decreased during the lockdown period [44].

2.2. Impact Factors of DBS Use

There is a massive number of factors that impact the usage of DBS, such as weather,
land-use, and sociodemographic factors. Li et al. studied the impact of weather and
land use on DBS and found that rain, high humidity, and high temperatures are likely to
reduce the use of DBS [45]. Moreover, they found the density of companies, residential
buildings, and metro stations have a positive impact on DBS flows. Wu et al. proposed a
geographically weighted regression (GWR) to test the impact of the built environment on
bike-sharing and found that bike stations near public transit, restaurants, shopping malls,
and educational and financial places have a high number of bike trips [46]. Transportation
facilities, including bus and metro stops, are positively related to DBS usage [9,36]. Zhou
et al. studied the integrated use of DBS and public transport (bus and the metro) and
found that population density, number of workplaces, and number of shopping and eating
places plays a key role in the integrated use of DBS and the bus system [47]. The outbreak
of COVID-19 significantly impacted the use of DBS, which sharply reduced the use of
DBS and changed the distributions of DBS [43,48]. There exists competition between DBS
and buses [49], but COVID-19 weakened the competitive relationships between DBS and
bus system [50]. Li et al. adopted OLS and GWR models to quantify the relationship
between stop duration and explanatory variables, including three new features, namely;,
the proportion of overlapping area between the influence area of transit stations and the
corresponding sub-region, and the average flow of subway stations [51]. Bi et al. studied
the varying influences of the built environment on bike-sharing commuting and found that
bike-sharing commute trips tend to be more consistent and frequent with the help of the
metro service [52].

2.3. Integrated Use of DBS and the Metro

The accessibility of public transport is an important performance measure, which
involves the ability of passengers to make use of public transport facilities [53]. Most
studies of spatial accessibility emphasize physical access, like walking distance to a public
transport station [54-57]. A local bus service is expected to attract passengers within
1/4 mile of a bus stop, while light rail can attract passengers within 1/2 mile [58]. The
emerging DBS could significantly enhance the accessibility of public transport. Ma et al.
pointed out that each unit increment of shared bikes significantly increases bus ridership by
0.54, 0.34, and 0.15 during a.m. peak, p.m. peak, and off-peak periods on the route level [59].
Li et al. studied the feeding modes to the metro, including walking, buses, private bikes,
docked bike-sharing, e-bikes, cars, and taxi, and found that docked bike-sharing had the
shortest average feeding time, about 8 min [60]. Chen et al. used online data to assess the
role of DBS, and the results indicate that DBS systems play a positive role in assisting them
to access activity [61].

The metro provides an effective way to travel for commuters and other people, but
it cannot cover every corner of the city. The first-and-last mile problem has become a key
obstacle for the expansive metro use. Traditional transfer modes for the metro include
walking, bus, car, etc. [62—-64]. DBS is recognized as an important transfer mode for the
metro due to its convenient, cheap, and green travel. Travelers can rent and return it
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anywhere via smart phone. Recently, the integrated use of DBS and the metro has become
a hot research topic [8,12,29]. Shao et al. divided metro stations into seven types based on
the characteristics of connection flow between bike-sharing and the metro [65]. Zhong et al.
claimed that over 70% of DBS trips were intensively occurring in about 20% of the regions
with community property [66]. Studies show that the built environment also has a crucial
impact on the integrated use of DBS and the metro [9]. Identifying the integrated DBS trips
is the critical issue to study the integrated use of DBS and the metro. However, it is difficult
to explore the accurately integrated trips because DBS does not depend on smart cards.
Researchers identify integrated trips according to the distance between metro stations and
the origins and destinations of DBS [67,68].

3. Data Descriptions

The studied area is Shanghai, China. Shanghai is the economic and innovation center
of China. The total area of Shanghai is 6340.5 square kilometers, with 16 districts. As of the
end of 2022, the population of Shanghai was 24.76 million. Metro in Shanghai is one of the
largest public systems in China with 20 lines and 508 stations in 2023. The DBS of Mobike
was deployed in 2016. There were 13 bike-sharing companies with over 1.6 million bikes
operating in Shanghai in August 2018. Figure 1 shows the study area of Shanghai and data
source of the metro and DBS.
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Figure 1. Study area of Shanghai and data source of metro and DBS.

The data used in this paper contain metro smart card data, DBS trip data, socioeco-
nomic data (GDP, house price, and population density), and POI data, which are introduced
as follows.

(1) DBS trip data. DBS trip data are also collected from 27 August 2018 to 2 September
2018. Table 1 shows the information of DBS trips, which contains the fields of “ID”,
“Start time”, “Lon (O)”, “Lat (O)”, “End time”, “Lon (D)”, and “Lat (D)”. The fields
represent identification of DBS, start time of trip, longitude of trip origin, latitude of
trip origin, end time of trip, longitude of trip destination, and latitude of destination,
respectively.



ISPRS Int. ]. Geo-Inf. 2024, 13, 108

50f25

(2) Metro smart card data. The metro smart card data are collected from 27 August 2018
to 2 September 2018. The fields of metro smart card data include “ID”, “Date”, “Time”,
“Line”, “Station”, and “Fare”, which are shown in Table 2. Fare “0” means boarding;
otherwise, it means alighting. We can extract the OD trips from the original smart
card data.

(3) Socioeconomic data. The housing price data is from the Shanghai Anjuke Housing
Price report [69]. GDP and population density data are from the Shanghai Urban
Planning Bureau.

(4) POl data. In this paper, we apply a python program to obtain POI data from Baidu
map (https://map.baidu.com/) (accessed on 1 August 2018). The POI data contain
ten categories: “Hotel”, “Government”, “Business”, “Science and education culture”,
‘Hospital’, “Restaurant”, “Shopping”, “Public facilities”, “Sports and leisure service”,
and “Scenic spot”. It is noteworthy that the housing price data, GDP, population, POI,
and road density are selected around metro stations with a 1300 m buffer.

(5) Road network data. The road network data used in this paper are collected from the
OpenStreetMap (OSM) (https:/ /www.openstreetmap.org/) (accessed on 1 August
2018). We mainly use road density in this paper. The road network data are also
selected around metro stations with a 1300 m buffer.

Table 1. Information of DBS trip.

ID Start Time Lon (O) Lat (O) End Time Lon (D) Lat (D)

736E30 20180828170419 121.502 31.231 20180828172036  121.508 31.223
723F86 20180828135133  121.344 31.289 20180828141850 121.350 31.312

Table 2. Information about metro smart card.

1D Date Time Line Station Fare
7136 2018-8-28 07:36:33 6 Yuanshentiyuzhongxin 0

7136 2018-8-28 08:03:51 4 Linpinglu 3

The data should be cleaned before use. First, the starting point or ending point of
trips outside the studied area will be removed. Second, trips with incomplete information,
such as those lacking a timestamp or position, will be deleted. Finally, we calculate the
Euclidean distance and travel time of each trip and remove the trips in which the distance
is less than 200 m or greater than 10 km, as well as those in which the travel time is less than
2 min or more than 1 h [19]. After the data cleaning process, we obtained 5,616,151 DBS
trips and 25,854,526 metro OD trips.

4. Methodology
4.1. Identification of Integrated DBS and Metro Trips

Identifying the integrated DBS and metro trips is the key issue in this study. Generally,
integrated trips include two patterns: (1) cycling to a public transport station; and (2) cycling
from a public transport station [47]. In this paper, we call the first pattern and second
pattern arrival-transfer trips and departure-transfer trips, respectively.

Inspired by Liu et al. [68], we introduce a two-step identification method to explore
the integrated trips between DBS and the metro. The first step is finding the DBS trips that
fall into the metro station buffer at the spatial level. In this paper, we choose 100 m as the
buffer radius around the metro stations. The second step is to match the integrated trips
that were found in the first step with the corresponding metro operation time. The trips
that were outside of operation time will be removed. As shown in Figure 2, if the starting
point of a DBS trip is within any buffer zone of the metro station and the ending point does
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not belong to any buffer zone, then the trip is departure-transfer trip; if the ending point of
a DBS trip is within the buffer zone and the starting point does not belong to any buffer
zone, then the trip is arrival-transfer trip. Specially, if the starting and ending points of DBS
belong to different metro buffer zones, we choose that point with the shortest distance to
metro stations to judge which transfer pattern it belongs to.

Place B
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Figure 2. Illustration of identifying the integrated DBS and metro trips at the spatial level.

Based on the proposed two-step recognition method, 945,172 integrated trips have been
identified, which accounts for 16.8% of total trips. Among them, there are 382,149 arrival-
transfer trips, accounting for 40.4% of the total integrated trips, and there are 563,023 departure-
transfer trips, accounting for 59.6% of the total integrated trips, as shown in Figure 3. The
DBS departure-transfer trip is more than the DBS arrival-transfer trip, indicating that users
prefer to use DBS to address the “last mile” problem. The reason is that users can find DBS
easily around metro stations, where a large number of DBS are deployed.

[ Departure-transfer trip
I Arrival-transfer trip

(a) Transfer trip (b)

Non-transfer trip

16.5%

83.5%

Figure 3. The proportions of (a) integrated trips and (b) arrival-transfer trip and departure-
transfer trip.

To further detect the characteristics of transfer trips and non-transfer trips, we plot the
distributions of (a) distance and (b) time for transfer trips and non-transfer trips in Figure 4.
We can see that the most integrated trips” distances are concentrated between 0 km and
2 km. The travel time of integrated trips are concentrated between 0 min and 30 min. The
travel times of DBS trips are affected by the road congestion. Therefore, the travel time
distribution of integrated trips spans widely compared to the travel distance.
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Figure 4. Distributions of (a) distance and (b) time for transfer trips and non-transfer trips.

4.2. Independent Variables

There are many factors that affect the number of integrated trips, including socioe-
conomic, land-use, and transportation factors [70]. As shown in Table 3, we adopt so-
cioeconomic, land use, and metro-related factors as independent variables. Because most
integrated trips are shorter than 1300 m, we set 1300 m as the buffer radius around metro
stations to calculate the values of the independent variables.

Table 3. Definition and description of variables.

Variables Description Mean Std.
Dependent variables
DBS for arrival-transfer trips (weekday) Hourly number of arrival-transfer trips of each metro station on weekdays 47.01 4473
DBS for departure-transfer trips (weekday) Hourly number of departure-transfer trips of each metro station on weekdays 69.85 66.80
DBS for arrival-transfer trips (weekend) Hourly number of arrival-transfer trips of each metro station on weekends 11.77 10.26
DBS for departure-transfer trips (weekend) Hourly number of departure-transfer trips of each metro station on weekends 16.14 14.16
Explanatory variables
Socioeconomic
GDP GDP at 1300 m buffer zone (billion) 4186.84 3827.26
House price Average housing price at 1300 m buffer zone (yuan/m?) 55,627.46  17,704.27
Population density Population divided by area in the 1300 m buffer zone (people/km?) 8375.19 9947.02
Land use
Hotel count Number of hotel pois in the 1300 m buffer zone 90.39 110.07
Government count Number of governmental pois in the 1300 m buffer zone 63.33 77.96
Business count Number of commercial pois in the 1300 m buffer zone 296.21 383.68
Science and education culture count Number of cultural pois in the 1300 m buffer zone 93.16 138.89
Hospital count Number of hospital pois in the 1300 m buffer zone 35.09 44.95
Bus stop count Number of bus stop pois in the 1300 m buffer zone 81.83 61.78
Restaurant count Number of restaurant pois in the 1300 m buffer zone 157.58 166.32
Shopping mall count Number of shopping mall pois in the 1300 m buffer zone 13.07 11.12
Road density Length divided by area in the 1300 m buffer zone (km/km?) 4.61 3.10
Entropy of land use The degree of mixture of land use in the 1300 m buffer zone 0.73 0.13
Metro
Number of metro stations Number of metro stations in the 1300 m buffer zone 2.77 1.65
Passenger flow of each metro station Hourly inbound passenger flow on weekdays 3269.47 3988.87
Hourly outbound passenger flow on weekdays 3220.29 3996.45
Hourly inbound passenger flow on weekends 1016.38 1346.12
Hourly outbound passenger flow on weekends 937.02 1315.76
Transfer accessibility index at each metro stations (min) Hourly of arrival-transfer trips of time on weekday 0.06 0.02
Hourly of departure-transfer trips of time on weekday 0.06 0.02
Hourly of arrival-transfer trips of time on weekend 0.05 0.02
Hourly of departure-transfer trips of time on weekend 0.06 0.02

Socioeconomic factors, such as population and income, are considered crucial factors
that impact the ridership of public transport [71,72]. In this paper, we adopt three kinds of
socioeconomic factors, including GDP, population, and house price. Land use is another
very essential impact factor. Typically, the travel activities and behaviors of travelers in
different kinds of land use types are different. To measure the differences of different land
use mixes, the entropy of land use is introduced, which is calculated as follows [66].

_ Lipjin(p))
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where p; is the proportion of one land use type in the buffer area of station 7, and k is the
number of land use types.

In this study, we choose three kinds of metro-related factors as independent variables,
including the number of metro stations within the buffer zone, the passenger flow of
the metro station, and the transfer accessibility index. The passenger flow of the metro
includes both inbound passenger flow and outbound passenger flow. Accessibility is an
important indicator to measure the station usefulness and convenience [4,38]. In this paper,
we introduce a transfer accessibility index to measure the accessibility of the metro station,
considering the travel time of integrated trips as follows:

18 1
Ai:fzfr (2)

where t;; is the travel time from integrated DBS origin to destinations of trip j for metro
station 7, and 7; is the total number of integrated DBS trips within the buffer area of metro
station i.

4.3. Variables and Regression Models

This paper utilizes the OLS model, GWR model, and GTWR model to explore the
relationship between the number of integrated trips and explanatory variables. Before the
models are applied, the multicollinearity test should be conducted because if there exists
multicollinearity in independent variables, the regression models will result in unstable and
unreasonable regression coefficient [7]. We selected explanatory variables with VIF value
less than 10 and p-values less than 0.05. Similarly, the spatial autocorrelation of variables
should be tested before using spatial regression models, and the explanatory variables with
p-value less than 0.05 are selected.

4.3.1. Ordinary Least Square Regression (OLS)

The OLS model is a basic model used to find the relationship between a dependent
variable and a range of independent variables. It is noteworthy that the OLS model neglects
the spatial variations. In this paper, the model can be expressed as follows [47,73]:

m
vi = Bo+ Y Bjxij +¢i, 3)
=i

where y; is the dependent variable, x;; is the jth independent variable, m is the number of
independent variables, B is the estimated intercept, B;; is the regression coefficient of the
jth independent variable, and ¢; is the random error term.

4.3.2. Geographically Weighted Regression (GWR)

In order to better deal with the spatial data regression, a GWR model is designed that
allows for coefficients to vary across space. It can be seen as the extension of OLS model by
associating explanatory variables with geographical locations, which can be expressed as
follows [74]:

Y; = Bo(ui, v;) + Y Br(ui, 01) Xige + €5, (4)
X

wherei(i=1,2, - ,n) is a TAZ, which is a most common regionalism in transportation
studies; Y; is the integrated trips volume in TAZ i; (u;, v;) are the coordinates of TAZ i;
Bo(u;,v;) is the intercept; Xji is the kth explanatory variable; and B (u;, v;) is the regression
coefficient between integrated trips volume and the explanatory variables. The distinct
characteristic of the GWR model is that the coefficient By (u;, v;) varies across the model to
measure the spatial variations of observations compared with the OLS model in which the
parameter estimation is fixed for each observation.
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4.3.3. Geographically and Temporally Weighted Regression (GTWR)

In many transportation systems, the number of travelers fluctuates and shows an
obvious tidal property. The GWR model cannot deal with the temporal nonstationarity,
which is a very important impact factor. Huang et al. introduced the GTWR model, which
considers spatial and temporal variation simultaneously to extend the GWR model [75].
The GTWR model can be defined as follows:

Y; = Bo(ui, vi, t;) + Y Bie(ui, vi, t) Xige + €5, 5)
k

where Y; is the hourly integrated trip volume; Xj; is the kth explanatory variable, including
hourly metro inbound passenger volume, hourly metro outbound passenger volume,
socioeconomic, and land use variables; u;, v;, and t; are the longitude, latitude, and time
of TAZ i, respectively. Bo(u;,v;, t;) is the intercept value; and By (u;, v, t;) is a range of
parameter values in TAZ i. The regression coefficients of GTWR are estimated based on
local weighted least squares, which can be expressed by the formula as follows [74,76]:

A -1
ﬁ(ui/ i, tl) = |:XTW(L{1', 0i, tl)X:| XTW(ui/ (47 ti)Y/ (6)

where the space-time weight matrix W(u;, v;, t;) depends on the space-time distance. The
space—-time weight can be calculated after defining the space-time distance. The commonly
used weighting function is the decay-based Gaussian distance, which is expressed as

follows [76]: )
(@)
Wij =exp|— Zz . (7)

Here, dl.S.T is the space—time distance between TAZ i and j, which can be achieved by

the formula as follows:

d%T = \//\[(”i - ”j)2 — (v; — v]')z] +u(ti — t]-)z. (8)

A and y are the weights for balancing different effects because space distance and time
are measured by different units.

h in Equation (7) is a positive parameter called the space-time bandwidth, and the
optimal bandwidth is achieved based on the minimum cross-validation (CV) value. The
CV value is the sum of the squared error between the real value y; and the predicted value
Gi(h):

CV(h) = 32, (i = i), ©)

The corrected Akaike information criterion (AIC) is an effective way to select the

bandwidth [75]. We can use a GTWR plugin of ArcGIS to construct OLS, GWR, and GTWR
models in this study [77].

5. Results
5.1. Spatiotemporal Characteristics of Integrated Trips
5.1.1. Temporal Characteristics of Integrated Trips

In order to detect the temporal characteristics of integrated trips, we plot the distri-
butions of the number of metro trips, total DBS trips, arrival-transfer trips, and departure-
transfer trips in Figure 5. It can be observed that the four kinds of trips have two peak hours
in the morning (7:00-9:00) and evening (17:00-19:00), which show obvious commuting
characteristics. This result is in line with the previous studies [69]. Moreover, there is a
slight peak around 12:00 for integrated trips, which may be because some workers travel
for activities at lunch time. On weekends, the number of travelers decreases sharply and
shows no obvious peaks for the metro. However, there is one or two peaks for DBS trips
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on weekends. The distributions of integrated trips, including arrival-transfer trips and
departure-transfer trips, are very similar to total DBS trips distribution. However, the start
time of integrated trips are different because the integrated trips depend on the operation
time of the metro.
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Figure 5. Distributions of the number of travelers in a week: (a) metro trips; (b) DBS trips; (c) arrival-
transfer trips; (d) departure-transfer trips.

5.1.2. Spatial Characteristics of Integrated Trips

Figure 6 shows the spatial distributions of integrated trips on weekdays and weekends.
The results show that the integrated trips, including arrival-transfer trips and departure-
transfer trips, are concentrated in the central area. There are almost no integrated trips
in the suburb far away from center area, such as to some stations of Line 16. The reason
is that the DBS company did not deploy DBS in the area due to the high operation and
management cost.
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Figure 6. Spatial distributions of integrated trips of DBS—metro on (a) weekdays and (b) weekends.
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5.1.3. Distributions of Integrated Trip Distance and Travel Time

Figure 7 shows the distributions of travel distance and time for arrival-transfer trips
and departure-transfer trips. The distance of the DBS trips is calculated by the coordinates
of origins and destinations. The travel time is calculated by subtracting the trip start time
from the trip end time. As shown in the figure, both trip distance and travel time follow
lognormal distributions. The median values of travel distance of arrival-transfer trips
and departure-transfer trips are 770.9 m and 832.4 m, respectively. The median value of
travel distance for departure-transfer trips is larger than that of arrival-transfer trips. The
reason is that DBS is easier to be found around the metro stations, which attracts more
passengers who travel longer distances and live in the suburbs. In contrast, it is found
that the median value of the travel time of departure-transfer trips is smaller than that
of arrival-transfer trips. Specifically, the median values of departure-transfer trips and
arrival-transfer trips are 17 min and 20 min, respectively. The reason may be that the
morning road congestion in Shanghai is more serious, and commuters have to spend more
time cycling to metro stations.
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ISPRS Int. ]. Geo-Inf. 2024, 13, 108

12 of 25

80,000
(d) =3 Median: 16.9 min
70,000
:%16,9 min, 50%

2 60,000 — |
g- | |
8,350,000 | ! :quz min, 75%
Gt
S 40,000 | |
B [ |
£ 30,000 | |
= | |
Z. 20,000 | |

oo U e

0 [ 1

0 10 20 30 40 50 60
Time of departure-transfer trip (min)

Figure 7. Distributions of (a) travel distance of arrival-transfer trip, (b) travel distance of departure-
transfer trips, (c) travel time of arrival-transfer trip and (d) travel time of departure-transfer trips.

5.2. Spatial Distribution of Transfer Accessibility Index of Integrated Trips

Figure 8 shows the spatial distributions of the transfer accessibility index of integrated
trips, including arrival-transfer trips and departure-transfer trips, within the buffer zone
of each metro on weekdays and weekends. The larger value means travelers could spend
less time connecting to metro stations via DBS. As can be seen in the figure, the transfer
accessibility in the central area is higher than that in the suburbs, which indicates that travelers
can spend less time transferring from/to the metro. In the suburbs, travelers may spend more
time due to the low-density DBS distribution. Moreover, we can observe that the transfer
accessibility index values of both arrival-transfer trips and departure-transfer trips are larger
on weekdays than on weekends. The reason is that travelers can travel longer to connect
to the metro without the limitations of time on the weekends. Another reason is that there
is a large number of people that are closer to metro stations who travel for commuting. In
addition, we can see that the transfer accessibility index values of departure-transfer trips are
larger than those of arrival-transfer trips in the central area on both weekdays and weekends.
The results imply that travelers prefer to use bike-sharing after they use the metro.
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Figure 8. Spatial distribution of transfer accessibility index of integrated trips.
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5.3. Spatial Distributions of Entropy of Land Use

As shown in Figure 9, we draw the spatial distributions and value distributions of
the entropy of land use within the buffer zones. It is observed in Figure 9a that the buffer
zones around most metro stations in the central area have high values of entropy of land
use, which means there is even distribution of land types. There exist some buffer zones of
metro stations in suburbs with low values. But the proportion of these stations is small.
Some buffer zones of metro stations in suburbs also have high values. The reason is that
the facilities around the metro stations are better than those in other areas due to the
transportation convenience. In total, we can see in Figure 9b that most values of entropy of
land use are concentrated between 0.5 and 0.9, and the median value is 0.782. The results
indicate that the facilities around most metro stations are evenly distributed.
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Figure 9. Statistical results of the entropy of land use: (a) spatial distributions, (b) value distributions.

5.4. Regression Model Results
5.4.1. Model Comparison

In this paper, we used the OLS model, the GWR model, and the GTWR model to
test the arrival-transfer trips and departure-transfer trips on weekdays and weekends,
respectively. We calculates the VIF index of all independent variables, and the variables
with VIF larger than 10 and p-values larger than 0.05 were removed from the regression.
Then, OLS models were used to test the significance of the selected explanatory variables for
both arrival-transfer trips and departure-transfer trips. The selected explanatory variables
and the results of OLS regression are shown in Tables A1 and A2, respectively. The results
show that the selected explanatory variables for arrival-transfer trips and departure-transfer
trips are different. For example, the POI of business count is not selected for arrival-transfer
trips on weekdays because the VIF value is larger than 10 and the p-values are larger
than 0.05, but it is selected for departure-transfer trips on weekdays. It is found that
GDP, government count, and restaurant count are negatively correlated with the number
of arrival-transfer trips and departure-transfer trips. In addition, we found house price,
entropy of land use, transfer accessibility index, and metro passenger flow to be positively
related to the numbers of two transfer trips.

The Moran’s I was applied by ArcGIS 10.3 to test whether the variables are spatially
autocorrelated. Table A3 shows the main results, including Moran’s I, Z-score, and p-value.
We selected the variables with a p-value that is smaller than 0.05 to conduct the GWR
and GTWR models. These two models will create an output feature class and a statistical
summary report of the model. R? and AICc are two indicators widely used to assess the
performance of the models. Table 4 exhibits the performances of the OLS model, the GWR
model, and the GTWR model. The results indicate that the GTWR model outperforms the
other two models because it is the model with larger R? and smaller AICc values. Taking
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arrival-transfer trips as an example, the R? values are 0.43, 0.57, and 0.81 for the OLS model,
GWR model, and GTWR model, respectively.

Table 4. Performances of the OLS model, GWR model, and GTWR model.

Arrival-Transfer Trip Departure-Transfer Trip
Weekday Weekend Weekday Weekend
AlCc R? AlCc R? AICc R? AlCc R?
OLS —336.16 0.43 —313.00 0.44 —291.17 0.47 —259.23 0.44
GWR —353.96 0.57 —348.79 0.59 —312.36 0.59 —264.04 0.52
GTWR —16,188.00 0.81 —10,647.90 0.78 —14,092.20 0.80 —8203.31 0.76

5.4.2. Temporal Features of Variable Coefficient

Compared with the GWR model, we can achieve the time series of the hourly coeffi-
cient from the GTWR model. Tables 5 and 6 show the estimation of the GTWR model for
arrival-transfer trips and departure-transfer trips, respectively. As an example, we discuss
the fluctuation of the average coefficient of metro passenger flow, the entropy land use,
the transfer accessibility index, and the GDP over time in a day in Figure 10. The positive
coefficient means there is a positive relationship between the dependent and explanatory
variables and vice versa.

Table 5. Estimation of the GTWR model for arrival-transfer trip.

Min Max Avg
Weekday
Explanatory variables of socioeconomic

GDP -7.110 5.197 —0.037

House price —1.748 3.115 0.079

Explanatory variables of land use

Hotel count —1.321 2.904 0.113
Government count —1.751 2.898 —0.064

Hospital count —2.419 2.044 0.042
Restaurant count —2.321 0.788 —0.071

Entropy of land use —0.786 0.822 0.006

Explanatory variables of metro

Number of metro station —1.008 0.721 —0.003

Hourly inbound passenger flow —1.218 4.959 0.508

Transfer accessibility index —1.622 4.741 0.332

Weekend
Explanatory variables of socioeconomic

GDP —9.780 8.878 —0.162

House price —1.494 3.400 0.075

Explanatory variables of land use

Hotel count —10.686 13.704 0.058
Government count —3.067 5.560 —0.158

Science and education culture count —4.377 21.178 0.482

Hospital count —10.405 3.480 0.101
Restaurant count —5.542 2.402 —0.154

Entropy of land use —0.677 1.385 0.031

Explanatory variables of metro
Number of metro station —5.518 1.775 0.018
Hourly inbound passenger flow —4.301 7.037 0.621

Transfer accessibility index —1.096 3.279 0.174
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Table 6. Estimation of the GTWR model for departure-transfer trip.
Min Max Avg
Weekday
Explanatory variables of socioeconomic
GDP —6.211 6.328 0.010
House price —2.158 2.753 0.057
Explanatory variables of land use
Hotel count —4.331 9.541 0.129
Government count —2.496 2.851 —0.068
Business count —4.055 4.539 0.047
Hospital count —2.782 2.511 0.029
Restaurant count —2.323 2.339 —0.091
Entropy of land use —0.973 1.010 0.013
Explanatory variables of metro
Hourly outbound passenger flow —2.308 15.427 0.954
Transfer accessibility index —1.403 2.044 0.211
Weekend
Explanatory variables of socioeconomic
GDP —15.224 10.137 —0.168
House price —1.841 3.891 0.173
Explanatory variables of land use
Hotel count -5.761 15.546 0.198
Government count —5.703 5.738 -0.117
Hospital count —9.590 7.862 0.137
Restaurant count —6.214 2.982 —0.166
Entropy of land use —1.282 2.057 0.024
Explanatory variables of metro
Hourly outbound passenger flow —4.658 23.937 0.870
Transfer accessibility index —1.905 7.181 0.599
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Figure 10. Temporal distribution of the average coefficients of hourly passenger flow, entropy of land

use, transfer accessibility index, and GDP.
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From Figure 10a, we can see that there is a positive relationship between transfer
trips and metro passenger flow. Specifically, it shows that the positive effect of metro
passenger flow on arrival-transfer trips in off-peak hours is stronger than that in peak hours
on weekdays. This can be explained by the fact that passengers dislike to use bike-sharing
to connect to the metro in peak hours due to the low speed of bikes and bad road conditions
in some areas. The positive effect of metro passenger flow on departure-transfer trips
before morning peak hours is stronger than that in other time periods on weekdays, and
the reason may be that it is easier to find a bike before morning peak hours.

Figure 10b shows that there is a positive relationship between the entropy of land use
and transfer trips. From Figure 10b, it can be observed that the positive effect of the entropy
of land use on transfer trips is more pronounced during commuting time, for example,
departure-transfer trips around 6:00 and 17:00 on weekdays. The impact of the entropy
of land use on arrival-transfer trips and departure-transfer trips during the weekend is
mainly reflected in the noon period, which may be related to residents’ entertainment travel
activities, which involve various activities such as shopping, dining, sports and leisure
activities, and sightseeing activities.

From Figure 10c, we can see that the transfer accessibility index has a positive impact
on transfer trips. It can be found that the peak value of the impact is consistent with the
peak commuting time on weekdays. Moreover, the impact on arrival-transfer trips on
weekdays is particularly significant, indicating that a good transfer accessibility index
promotes commuting activities for residents. The peak value of the impact is consistent
with the entertainment travel time of residents on weekends, which also reflects the good
transfer accessibility index, providing convenience for residents’ entertainment travel.

Figure 10d shows the relationship between GDP and transfer trips. It indicates that
the impact of GDP on transfer trips is generally negative. DBS travel is a green, convenient,
and low-cost mode of transportation, and the impact of economic development on transfer
travel is not significant. According to Figure 10d, we can also determine that the negative
impact of GDP on arrival-transfer trips and departure-transfer trips is most significant
during the morning peak on weekdays, while the impact is not significant during other
time periods. The impact of GDP on arrival-transfer trips and departure-transfer trips on
weekends is similar to that on weekdays. However, the impact on weekends fluctuates
more, possibly due to the different travel purposes of residents on weekdays and weekends.

5.4.3. Spatial Feature of Variable Coefficient

The spatial distributions of the average coefficients of hourly passenger flow are
shown in Figure 11. The effects of hourly passenger flow on both arrival-transfer trips and
departure-transfer trips in the central area are small, and even some stations’ passenger
flow has a negative impact on the number of integrated trips within the buffers. However,
there are positive effects in the suburbs for arrival-transfer trips and departure-transfer
trips. In the periphery of the city, the positive effects are even stronger. The reason is that
the traffic facilities in the central area of the city are much better than those in the suburbs,
in which travelers can choose other travel modes to connect to metro stations [9]. In the
suburbs, the traffic facilities (e.g., bus stations) are sparsely distributed, and travelers prefer
to use bike-sharing to connect to metro stations. Moreover, it can be seen that the effects on
departure-transfer trips are stronger than those of arrival-transfer trips on weekdays and
weekends. The reasons may be that it is easier to find a bike-share near the metro station
than the home or workplace and that people like to use bike-sharing when they exit the
metro stations.

Figure A1 shows the spatial distributions of the average coefficients of the entropy of
land use. We can see that the impact coefficient of the entropy land use on transfer trips
shows a wide and extensive positive distribution. Figure Ala and Figure Alb, respectively,
show the impact of the entropy of land use on arrival-transfer trips and departure-transfer
trips on weekdays. It can be seen that there is a negative impact of the entropy of land
use on transfer trips in some central areas. The reason may be that residents can choose
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other modes of transportation to reach their destinations in the areas with developed
transportation, complete infrastructure, and diverse activity scenarios. In some suburban
areas, there are a few sites with negative impacts, which may be due to inadequate land
use in the area. In addition, it is worth noting that the entropy of land use on weekends has
a strong impact on arrival-transfer trips and departure-transfer trips.
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Figure 11. Spatial distributions of the average coefficients of hourly passenger flow.

Figure A2 shows the spatial distribution of the impact coefficient of transfer accessibil-
ity index on transfer trips. Figure A2a and Figure A2b, respectively, show the impact of
transfer accessibility index on arrival-transfer trips and departure-transfer trips on week-
days. It can be found that in the city center, the impact coefficient of the transfer accessibility
index on transfer trips is relatively high, while in suburban areas with a sparse distribution
of subway stations, the impact coefficient of the transfer accessibility index on transfer
trips is relatively low. There exist a few stations that have negative effects. The impact
of the transfer accessibility index on arrival-transfer trips and departure-transfer trips on
weekends is consistent with that on weekdays.

Figure A3 shows spatial distributions of the average coefficients of GDP. The result
shows that the negative impact within the suburban subway station area is significant.
The negative impact of GDP on transfer trips is mainly found in Putuo District, Songjiang
District, Qingpu District, and Minhang District. In the Pudong New District, there is a
slight positive or negative impact.
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6. Discussion

The first-and-last mile problem plays a crucial role in people’s daily travel. Undoubt-
edly, DBS significantly enhances the convenience for travelers in connecting with other
travel modes. Traditional studies have focused on the relationship between the number of
integrated trips and impact factors, like built environment and population density [7,47];
in this paper, we consider more impact factors, including built environment, population
density, GDP, road density, metro passenger flow. Furthermore, we adopted two other
factors to enrich our study, which are entropy of land use and transfer accessibility in-
dex. The existing research seldom studies the dynamic characteristics and the relationship
between integrated trips and impact factors. Therefore, this paper studied the dynamic
characteristics of integrated trips and proposed a GTWR model to study the correlations
with impact factors based on a weekly data. Our findings show that the distributions of the
number of passengers for the metro, DBS, and integrated trips are similar with each other,
exhibiting two peaks on weekdays.

In this paper, the integrated DBS and metro trips are divided into arrival-transfer trips
and departure-transfer trips. We studied the temporal and spatial features of the coefficient
of metro passenger flow, the entropy of land use, the transfer accessibility index, and GDP
based on the GTWR model. The results show that the effects of metro passenger flow on
both two kinds of integrated trips are weaker during peak hours than in off-peak hours.
The reason may be that passengers dislike to use bike-sharing to connect to the metro in
peak hours due to the low speed of bikes and bad road conditions in some areas. The effects
of hourly passenger flow on both arrival-transfer trips and departure-transfer trips in the
central area are small, while they are stronger in the suburbs. The reason is that there are
more traffic facilities in the central area of the city than in the suburbs, and travelers can
choose other travel modes to connect metro stations [9].

The limitations of this study are as follows: It is difficult to identify the integrated trips
from all DBS trips accurately. This paper adopted the widely used buffer zone with a 100 m
radius and then matched the metro operation time. However, there are still limitations in
this study in terms of identifying the integrated trips more accurately due to the lack of
a trip chain of travelers. In terms of the buffer zone, how to set the suitable radius value
needs further study. This study only considered the DBS and metro systems and did not
involve other travel modes. In reality, there exist cooperation and competition among
multimodal transportation, which may influence the integrated use of DBS and the metro.
For example, the ground-level bus is the dominating feeder mode for metro systems [31].
In future study, more travel modes, such as taxis, busses, and private vehicles, will be
considered in order to attain a comprehensive understanding of human travel behaviors in
a city.

This study could provide suggestions for bike-sharing operators, bike-sharing users,
and city managers in the decision-making process. The results encourage users to use
bike-sharing to transfer to the metro before peak hours due to the good road conditions.
For the bike-sharing operators, it is suggested that they should deploy more bike-sharing
near the metro stations in morning peak hours because it is found that the number of
departure-transfer trips are extremely high during the morning peaks. The reason is that
more users used bike-sharing to get to their workplace after using the metro in the morning,.
Moreover, operators should provide more bikes in the suburbs because the demand for
DBS-metro is larger due to the lack of travel facilities. In addition, the government should
try their best to solve the parking problems near metro stations, i.e., that there are not
enough parking places near most metro stations.

7. Conclusions

This study proposed a framework within which to investigate the travel mobility
patterns of integrated DBS and metro use. First, a two-level process was built to identify
integrated trips. Then, the spatiotemporal characteristics of the integrated trips, including
travel distance, travel time, transfer accessibility index, and entropy of land use, were
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detected based on multisource data. Finally, a GTWR model was developed to examine the
correlations between the number of integrated trips and impact factors. The main findings
are summarized as follows:

The integrated trips account for 16.8% of total DBS trips based on the two-level
identification method. A total of 59.6% of integrated trips are departure-transfer trips,
and the rest are arrival trips. The travel distances of integrated trips are concentrated
between 0 km and 2 km. Moreover, the distributions of the number of integrated trips
per hour, including departure-transfer trips and arrival-transfer trips, are similar with
DBS and the metro. In the spatial dimension, the integrated trips are concentrated
in the central area of the city, while there is a small number of integrated trips in
the suburbs.

On the other hand, the transfer accessibility index and entropy of land use are analyzed.
The results show that the transfer accessibility index in the central areas is much better
than that in the suburbs. Moreover, it is observed that the transfer accessibility index
values of both arrival-transfer trips and departure-transfer trips are larger on weekdays
than on weekends. The entropy of land use in most buffer zones of metro stations has
a large value, which means that the distributions of land type are more even.

In terms of impact factors, it is found that GDP, government count, and restaurant
count are negatively correlated with the number of integrated trips. In addition, we
find that house price, entropy of land use, transfer accessibility index, and metro
passenger flow show positive relationships with the number of integrated trips.

The results show that the GTWR model outperforms the OLS model and the GWR
model. Taking the impact factor of metro passenger flow as an example, we show
the temporal and spatial distributions of the average coefficients of hourly passenger
flow. The results show that the effects of metro passenger flow on both two kinds
of integrated trips are weaker during peak hours than in off-peak hours. The effects
of hourly metro passenger flow on both arrival-transfer trips and departure-transfer
trips in central area are small, while they are stronger in the suburbs.
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Appendix A

Table Al. VIF values of selected explanatory variables of the OLS model for arrival-transfer trip.

Variables Weekday Weekend
Coef p-Value VIF Coef p-Value VIF
Explanatory variables of socioeconomic
GDP —0.021 0.000 1.150 —0.034 0.000 1.152
House price 0.039 0.000 2.473 0.048 0.000 2.452
Population density 0.026 0.003 2.360 0.028 0.034 2.428

Explanatory variables of land use

Hotel count

0.143 0.000 7.904 0.144 0.000 8.350
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Table Al. Cont.

Variables Weekday Weekend
Government count —0.146 0.000 9.283 —0.243 0.000 9.866
Business count / / / / / /
Science and education culture count / / / 0.150 0.000 4.016
Hospital count 0.050 0.000 5.363 0.089 0.000 5.451
Bus stop count / / / / / /
Restaurant count —0.074 0.000 9.117 —0.089 0.004 9.512
Shopping mall count / / / / / /
Road density / / / / / /
Entropy of land use 0.023 0.004 1.920 0.043 0.000 1.915
Explanatory variables of metro
Number of metro station 0.024 0.001 2.490 0.030 0.003 2.460
Hourly inbound passenger flow 0.413 0.000 1.142 0.287 0.000 1.172
Transfer accessibility index 0.260 0.000 1.050 0.140 0.000 1.014

Note: The sign “/” means explanatory variables with p-value lager than 0.05.

Table A2. VIF values of explanatory variables of the OLS model for departure-transfer trip.

Variables Weekday Weekend
Coef p-Value VIF Coef p-Value VIF
Explanatory variables of socioeconomic
GDP —0.017 0.000 1.148 —0.037 0.000 1.153
House price 0.048 0.000 2.502 0.082 0.000 2.475
Population density 0.032 0.002 2.356 0.039 0.012 2.393
Explanatory variables of land use

Hotel count 0.140 0.000 7.960 0.166 0.000 8.081
Government count —0.160 0.000 9.334 —0.325 0.000 9.662

Business count 0.068 0.000 4.525 / / /

Science and education culture count / / / / / /
Hospital count 0.055 0.001 5.387 0.134 0.000 5.501
Bus stop count 0.026 0.024 3.512 0.045 0.009 3.558
Restaurant count —0.086 0.001 9.155 —0.105 0.004 9.280

Shopping mall count / / / / / /

Road density / / / / / /
Entropy of land use 0.022 0.018 1.927 0.051 0.000 1.908

Explanatory variables of metro

Number of metro station / / / / / /
Hourly outbound passenger flow 0413 0.000 1.180 0.194 0.000 1.198
Transfer accessibility index 0.252 0.000 1.130 0.474 0.000 1.026

Note: The sign “/” means explanatory variables with p-value lager than 0.05.

Table A3. Moran’s I test result for explanatory variables.

Variables Moran’s I Z-Score p-Value
Explanatory variables of socioeconomic

GDP 0.666 22.794 0.000
House price 0.912 72.173 0.000

Population density / / /

Explanatory variables of land use

Hotel count 0.242 8.501 0.000
Government count 0.092 3.290 0.001
Business count 0.198 6.948 0.000
Science and education culture count 0.061 2.316 0.021
Hospital count 0.060 2.177 0.029

Bus stop count / / /
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Table A3. Cont.

Variables Moran’s I Z-Score p-Value
Restaurant count 0.077 2.756 0.006
Entropy of land use 0.067 2.383 0.017
Explanatory variables of metro
Number of metro station 0.774 61.276 0.000
Hourly inbound passenger flow on weekdays 0.370 81.221 0.000
Hourly outbound passenger flow on weekdays 0.326 74.306 0.000
Hourly inbound passenger flow on weekends 0.660 134.261 0.000
Hourly outbound passenger flow on weekends 0.680 143.525 0.000
Hourly accessibility of arrival-transfer trips of each metro 0.063 13.889 0.000
stations on weekdays
Hourly accessibility of depiarture-transfer trips of time at 0183 41488 0.000
each metro stations on weekdays
Hourly accessibility of arl.‘lval—transfer trips of time at each 0.032 6.463 0.000
metro stations on weekends
Hourly accessibility of departure-transfer trips of time at 0.09 20.390 0.000

each metro stations on weekends

Note: The sign “/” means explanatory variables with p-value lager than 0.05.
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Figure A1. Spatial distributions of the average coefficients of the entropy of land use.
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Figure A2. Spatial distributions of the average coefficients of the transfer accessibility index.
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Figure A3. Spatial distributions of the average coefficients of GDP.
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