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Abstract: Dockless bike-sharing mobility brings considerable benefits to building low-carbon trans-
portation. However, the operators often rush to seize the market and regulate the services without a
good knowledge of this new mobility option, which results in unreasonable layout and management
of shared bicycles. Therefore, it is meaningful to explore the relationship between the built environ-
ment and bike-sharing ridership. This study proposes a novel framework integrated with the extreme
gradient boosting tree model to evaluate the impacts and threshold effects of the built environment on
the origin-destination bike-sharing ridership. The results show that most built environment features
have strong nonlinear effects on the bike-sharing ridership. The bus density, the industrial ratio, the
local population density, and the subway density are the key explanatory variables impacting the
bike-sharing ridership. The threshold effects of the built environment are explored based on partial
dependence plots, which could improve the bike-sharing system and provide policy implications for
green travel and sustainable transportation.
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1. Introduction

Dockless bike-sharing mobility has ushered in explosive growth all over China since
2016, due to its flexibility and convenience such as the Mobike and Ofo platforms [1]. As a
new service model integrating the Internet, vehicle rental, and digital technology, dockless
bike-sharing has gained widespread popularity among urban residents. It has played a
significant role in meeting the demand for medium- and short-distance travel, enhancing
intermodal connectivity, reducing urban traffic emissions, and alleviating congestion.
Consequently, it has emerged as a preferred green transportation option. However, the
lack of effective market competition supervision has led to several public management
challenges, including the haphazard occupation of road space. With the introduction
of regulatory frameworks, the industry has gradually moved towards standardized and
refined operations.

In addition, the outbreak of COVID-19 has impacted the relationship between urban
traffic supply and demand. During the closure of Wuhan, China, the traffic sharing
rate of Meituan bike-sharing reached 56.2%. According to the data of related bike-sharing
enterprises, since the resumption of work in March 2020, the Meituan bike-sharing ridership
in Beijing has increased by more than 187%, Hellobike by 137%, and Qingju Bike by more
than 120%. In China, orders for long-distance cycling of more than 3 km almost doubled
compared with the same period last year.

Some studies have confirmed that the built environment is closely related to bike-
sharing travel [2]. However, the existing research mainly has the following two limitations.
Firstly, the grid method is mainly used for regional division, which makes it easy to split
the study area and destroy the complete administrative division, affecting the precision
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1. DATA INPUT
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and accuracy of the analysis results. The second point is that few studies have explored the
thresholds of built environment factors that influence daily origin—destination (OD) bike-
sharing ridership. Understanding these thresholds is crucial for the scientific formulation
and implementation of effective policies.

The main contribution of this study is the development of a novel framework inte-
grated with the XGBoost model to elucidate the influence of various built environment
factors at both origins and destinations on OD bike-sharing ridership. Additionally, this
study investigates the nonlinear relationships and threshold effects between built environ-
ment factors and OD bike-sharing ridership. The findings aim to enhance the alignment
between bike-sharing travel behaviors and the built environment, fostering better adap-
tation in future urban mobility planning. A focus is placed on community street-level
bike-sharing systems to achieve more refined management of green travel initiatives.

Figure 1 illustrates the framework of this study. The framework consists of three
main components: (1) Data input, which includes the collection and processing of built
environment variables and bike-sharing ridership data at the community street level;
(2) model construction, focusing on the application of the XGBoost algorithm to analyze
the relationships between built environment factors and bike-sharing usage; and (3) results
analysis, which involves the interpretation of nonlinear effects and the identification of
thresholds for various built environment factors.
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Figure 1. Schematic diagram of the research framework.

The study is structured as follows. Section 2 mainly reviews the relevant literature and
summarizes the gaps in the existing research. Section 3 states the study area, data sources,
and variables involved. The modeling method is presented in Section 4. Section 5 analyzes
and discusses the results. At last, the key findings, policy implications, and prospects are
given in Section 6.

2. Literature Review
2.1. Studies on Bike-Sharing Travel Behaviors

Research on bike-sharing from various perspectives is emerging with the development
and promotion of dockless bike-sharing. The relevant research covers a range of topics,
including its development [3,4], social benefits [5,6], basic characteristics [7], rebalancing
operation problems [8], the determinants [9], and so on. Most studies have mainly focused
on the factors that influence users’ travel choices [10], such as demographic characteristics
and trip characteristics, while paying little attention to the spatial-temporal pattern and
heterogeneity of bike-sharing usage. Of course, some scholars have recently carried out
research from this perspective; they applied kernel density analysis and hotspot detection
to evaluate the heterogeneity characteristics and driving factors of bike-sharing travel
spaces through trajectory data mining [11].
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2.2. Studies on the Effects of the Built Environment on the Travel Behaviors

It is important to clarify the mechanism of the built environment affecting travel
behavior so as to plan the built environment and optimize the travel structure, which will
be conducive to promoting the virtuous cycle of urban comprehensive transportation. In
recent years, based on different research methods and concepts, there have been fruitful
results showing the impact of the built environment on travel behaviors.

The built environment plays a crucial role in subway and bus ridership. Research
has shown that proximity to public transit is a significant factor in influencing mode
choice. Residents living closer to subway and bus stops are more likely to use public
transportation for their daily commutes [12]. Additionally, the built environment can affect
the reliability and frequency of public transit services. A well-connected transit system,
with better network attributes and land use, is likely to attract more riders [13]. The built
environment also plays a significant role in encouraging or discouraging walking as a
travel behavior. Studies have found that pedestrian-friendly spatial attributes, such as
sidewalks, crosswalks, and pedestrian zones, positively impact walking behavior [14]. In
addition, ridesourcing has rapidly become a popular mode of transportation in recent
years. And urban areas with higher road network and sidewalk densities are likely to
have higher demand for ridesourcing services [15]. Additionally, the ridesplitting ratio is
strongly influenced by the nonlinear impact of various built environment features, with
distance to the city center, land use diversity, and road density emerging as primary
explanatory variables [16]. In many areas, particularly in suburban and rural areas, the
built environment can influence the use of private vehicles through land-use patterns and
infrastructure investments. In particular, the local accessibility is associated with increased
private vehicle use [17].

2.3. Studies on the Effects of the Built Environment on Bike-Sharing

As a relatively new mode of travel behavior, some researchers have focused on bike-
sharing and have tried to reveal the nonlinear relationship between bike-sharing and the
built environment [18,19]. According to the existing research, the availability of bike infras-
tructure and the proximity of bike-sharing stations also influence cycling behavior, with
more cycling occurring in areas with better bike infrastructure and more bike-sharing sta-
tions [20]. Additionally, built environment factors, such as population density, employment
density, and the availability of bicycle lanes and trails, have a significant positive impact on
the demand for bike-sharing [21]. In addition, the usage is highly concentrated in certain
areas and times, especially near subway stations and during peak hours [22]. In terms of
the shared bicycle reallocation, the built environment correlates significantly to reallocation
count, especially near residences, bus stops, metro stations, employment areas, restaurants,
amenities, parks, sports facilities, and schools [23]. Moving the perspective to bicycle
reverse riding behavior, researchers discussed that higher levels of land use diversity and
the presence of dedicated bike lanes decrease the likelihood of such behavior [24]. Ulteri-
orly, to uncover the varying significance of different built environment elements and their
threshold impacts on cycling, a prior study identified population density and employment
density as the two most critical factors that affect bike-sharing usage [25]. Last, due to the
daily variance in demand for bike share, the effects of the built environment variables on
dockless bike-sharing usage also vary regarding if it is the weekend or not [26].

2.4. Modeling Method

Researchers have utilized various linear/generalized linear modeling and nonlinear mod-
eling methods to study the relationship between the built environment and travel behaviors.

Linear models mainly include discrete selection models [27], ordinary least squares
(OLS) models [28], and spatial econometric models [29]. For example, various model-
ing techniques, including the multilevel mixed model based on logistic regression [30],
propensity score matching method [31], and the GWR model [32], among others, have been
employed to explore the influence of the built environment on travel behaviors. However,
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the above linear models will bias the estimation of built environment variable coefficients,
and then underestimate their role in travel behavior [33]. With the rise of data computing
power and intelligent algorithms in recent years, the research on the nonlinear relationship
between built environment and travel behavior based on machine learning algorithms is
also emerging, such as random forest (RF) [34], support vector machine (SVM) [35], and
gradient boosting decision tree (GBDT) [36].

Regarding the relationship between the built environment and the bike-sharing rid-
ership, researchers have employed various modeling approaches, such as linear mixed-
effects model [20], spatial autoregressive models [22], GBDT [37], multiscale geographically
weighted regression [26], and others. It is worth mentioning that extreme gradient boosting
(XGBoost) [38], one of the most advanced machine learning algorithms, is rarely applied
to model the nonlinear relationship between the built environment and travel behavior.
XGBoost is essentially an efficient framework for implementing GBDT, which possesses
many advantages, including high prediction accuracy, ability to deal with data loss, and
abnormality [39,40]. In addition, the outstanding advantage of XGBoost is that it can
consider the hierarchical or clustering characteristics of data, and its processing speed is
more than 10 times faster than other GBDT algorithm frameworks [38,39].

To sum up, we briefly sort out some of the relevant literature, as shown in Table 1. In
general, many studies tend to focus on specific travel modes or built environment features,
and do not provide a comprehensive understanding of the complex relationships between
the built environment and travel behavior. There is also a problem that the grid method
is mainly used as a tool for region division, which can divide the research area and may
damage the complete administrative division, thus reducing the accuracy of the analysis
results. Finally, an improvement that can be made is to combine XGBoost, which will help
us efficiently and accurately reveal the threshold effects between the built environment and
bike-sharing ridership.

Table 1. Literature review.

Traffic Modes Travel Behaviors Methodologies
Rail . Metro ridership at station level [12] GBDT
ail transit Metro ridership in Shenzhen [13] GBDT

Bus Bus commuting [12] Semi-parametric multilevel mixed logit
. Walking distance to transit [14] GBDT
Walking Transport walking [29] GWR
Ridesourcin Spatial variation of ridesourcing demand [15] GWPR model

& Ridesplitting [16] GBDT
Private vehicles Car ownership [17] GBDT

Bike-sharing

The usage of bicycle-sharing service [20]
Bike-sharing demand in Toronto [21]
Bike-sharing service usage in Singapore [22]

Linear mixed-effects model
OLS regression model
Spatial autoregressive models

Shared bicycle reallocation [23] ZINB model
Bicycle retrograde [24] NBADT
Bike-sharing demand [25] GBRT
Metro-oriented dockless bike-sharing usage [26] MGWR

3. Data and Variables
3.1. Study Area

Xiamen, located on the southeast coast of China, is a prefecture level city under the
jurisdiction of Fujian Province. This paper selects Xiamen Island as the study area, which
is the location of the economic, political, cultural, and financial center of Xiamen and the
region with the highest level of urbanization, as shown in Figure 2. In addition, Xiamen
Island concentrates many important public transportation and basic services. As of 2021,
Xiamen Island has an area of 158 km? and a permanent population of about 2.1 million.
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According to the cycling report of major cities in China in 2017, Xiamen ranks first in
terms of per capita cycling times and the level of bike-sharing use, and is rated as “the city
that loves cycling most”. Therefore, choosing Xiamen Island as the study area to explore
nonlinear and threshold effects of the built environment on the daily origin—destination
(OD) bike-sharing ridership has full reference value and significance.

Legend
23 City Boundary

@ City Center

Figure 2. Study area.

3.2. Data Sources

Bike-sharing order and GPS trajectory data. This part of the data comes from the bike-
sharing trajectory data [41] released by the Xiamen government in morning peak hours,
from 6:00-10:00 a.m., 21-25 December 2020. We first cleaned the data, including eliminating
outliers trips such as riding position outside the study area and those with abnormally
short or long riding times, and used the interpolation method to estimate missing values
to ensure data consistency. Subsequently, we carried out coordinate transformation and
spatial matching, and obtained all the daily origin—destination (OD) bike-sharing ridership
information in the study area.

GIS layers. The study area is divided into 143 census tracts based on the administrative
boundary, and the relevant road networks data are obtained through OpenStreetMap.

Built environment data. Built environment refers to the artificial space environment
made for human activities, including land use, urban design, transportation infrastructure,
and other factors. Accurately depicting the built environment is the key to exploring the
impact of the built environment on travel behavior. The built environment is measured
by the three Ds, namely, density, design, and land use diversity. Density measures include
transportation density, public facilities and services density, subway density, bus density,
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point of interest (POI) density [42] the ratios of residential, industrial, and commercial land
use, population density, and local population density. Design refers to the measurement of
the characteristics of the road network in the area, measured by the road density. Land use
diversity measures the mixing degree of different land uses in the region. Its measurement
method is based on regional entropy and grid, and the entropy index ranges from 0 to 1,
where the smaller the value, the lower the mixing degree, and 1 means that all land use
types are allocated equally here [43].

3.3. Variables Description

After preparing the processed basic data and determining the indicators and corre-
sponding calculation methods, we calculated all the variables involved at a census tract
level. Specifically, daily OD bike-sharing ridership is regarded as a dependent variable.
Kernel density analyses of both the origins and destinations were carried out using ArcGIS
Desktop 10.8 (2020) to present the spatial distribution of bike-sharing trips, as shown in
Figure 3. The built environment data were regarded as explanatory variables, in which
the built environment variables were further subdivided into the built environment of the
origin locations and the built environment of the destination locations. In addition, the
duration was selected as the travel impedance variable, which was also taken as one of the
explanatory variables. Finally, all variables were statistically summarized, as described
in Table 2 below, and Figure 4 shows a visual display of the spatial distributions of some
explanatory variables.

Table 2. Variable definitions and statistics.

Variables

Variable Description Mean S.D. Min Max

Orders

Number of bike-sharing ridership from 21 to

Daily OD bike-sharing ridership 25 December 2020 9.41 42.01 0.25 1747.75
Built environment
Population density Population/area size (person per kmz) 25,118.58 16,232.40 9.75 84,332.96
Local population density Local population/area size 1488819  12,646.27 0 61,492.02
(person per km~)
Transportation density Number of transportation facilities/area size 93.62 70.81 1.14 347.06
(facility per km?)
Public facilities and services density Number of public service facilities /area size 173.04 125.36 6.67 560.70
(facility per km?)
Subway density Number of subway statlorzls /area size (facility 0.39 1.07 0 6.54
per km?)
Bus density Number of bus stations 2/ area size 652 439 0 25.45
(facility per km?)
POI density Number of POI/area size 1097.31 861.02 19.86 4594.82
(facility per km<)
Commercial ratio Number of Commercll%llocanons/ numberof 59 g7, 12.22% 25.86% 86.94%
Residential ratio Number of residential Jocations/number of 6.20% 2.87% 0.57% 18.84%
Industrial ratio Number of industriay Jocations/number of 6.74% 5.90% 0.40% 34.40%
Area Area of every tract (km?2) 1.02 1.57 0.08 11.69
. Length of the road/area size
Road density (km/km2) 5.92 4.58 0 23.14
Travel impedance variable
Duration Average riding time for OD bike-sharing 1154.35 800.01 70.00 10,069.00

orders (s)
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Figure 3. Spatial distributions of daily bike-sharing trips. (a) Density analysis of bike-sharing trip

origins. (b) Density analysis of bike-sharing trip destinations.
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Figure 4. Distributions of some explanatory variables.

4. Methodology

4.1. Extreme Gradient Boosting—XGBoost

This study adopts a machine learning approach, the extreme gradient boosting (XG-
Boost) model, to investigate built environment effects on daily OD bike-sharing ridership.



Sustainability 2024, 16, 7690

8 of 18

For classification, sorting, and regression problems, XGBoost takes into account both speed
and efficiency, adopts the method of parallel tree promotion, accelerates the speed of model
learning, is compatible with different platforms and language environments, and strength-
ens the nonlinear learning ability and scalability, so it has significant advantages of high
efficiency and portability in many prediction problems and practical applications.

The core idea of XGBoost is to learn a new function every time to fit the residual of
the last prediction, and to calculate the corresponding score of each node according to the
characteristics of the sample [38]. The sum of all the scores is the predicted value of the
sample, that is,

9= ¢(x) = Yy filx), fi € F (1)

where 7; is the predicted dependent variable, x; is the explanatory variable, K represents
the total number of samples, fy is the kth tree with leaf scores, and F represents all possi-
ble CARTs.

The goal is to minimize the objective function composed of loss function and

regular term:
n K

M@=WHO@=Zﬂwm+;QW) )
where . . i
Q(f) =T+ 5A) @) 3)

where [ and Q) represent the loss term of measuring accuracy performance and the regular
term of punishing the complexity of the model, respectively. y; is the actual dependent
variable, 7y represents the complexity of each leaf, and T is the number of leaves. A is a
compromise parameter and w; means the score of the jth leaf.

By solving Equations (1)—(3) with the help of Taylor expansion and other methods, the
optimal weight value of the jth leaf and the corresponding optimal value can be obtained
as follows:

wj = — Yel 8i @

(Zielj hi + A)

2
1T (Zef gi)

LB — 2y AT T
2]; Lier hi + AT ©)

where 1)
8 =001 (v 9"7V) ©)

hi =3 00l (v 9 7) )

Since it is impossible to calculate all possible tree structures, it is necessary to rely on
the greedy criterion of node recursive splitting to realize the generation of trees, and the
loss reduction equation after splitting is as follows:

1 [ (Tier, &1)° L (Diens)  (Tiers)® . ®)

L fy — — —
split = 2 Yienp i+ A Yierghi+A  Yiethi+A

where I} and Iy are the instances sets of left nodes right nodes after the split, respectively,
and I = I} U IR.

4.2. Relative Importance

In generating the decision tree, each explanatory variable has a certain probability to
be selected to segment the data, and the relative importance is essentially the proportion of
the number of times an explanatory variable is selected in the iterative process of generating
the decision tree to the total number of times all explanatory variables are selected, and the
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sum of the relative importance of all explanatory variables is 100%. Relative importance
is used to accurately express the contribution of an explanatory variable to the predicted
dependent variable, which can be described as follows:

Iz, (Tw) 221 (v = x;) ©9)
t=1
2 1 M 2
I% = 37 L % (Tw) (10)
m=1

where X; represents the explanatory variable, | and | — 1 represent the number of leaf
nodes and non-leaf nodes of the tree, respectively, v is a feature associated with node ¢,

and the reduction in square loss after node splitting is expressed as i.

4.3. Partial Dependence Plots

By visualizing the relationship between dependent variables and explanatory vari-
ables, the partial dependence plots can intuitively represent the marginal effect of ex-
planatory variables on dependent variables, and examine the influence mode of element
characteristics on tag values [44]:

Fux(ats) = Exe [£(x5, x)] = [ Flxs, xe)dP(xc) a1

Frx (x5) ): f [(xs, xX¢ )} (12)

where xg represents the variables that need to explore the nonlinear effects and x¢ refers to
the remaining variables involved.

5. Results and Discussion
5.1. Performance of the XGBoost Model

In this paper, hyperparameter grid search is used to adjust parameters, and set the
number of iterations (100, 500, 1000, 5000, 10,000), the max depth (3, 4, 5, 6, 7), and the learning
rate (0.01, 0.05, 0.1). Finally, the optimal parameters to achieve the best model performance
are obtained; the number of iterations, max depth, and learning rate are 5000, 5, and 0.01,
respectively. In addition, pseudo-R2, mean absolute error (MAE), mean squared error (MSE),
and explained variance score (EVS) for the XGBoost model are selected as the evaluation
index of the model; the results are 0.7865, 6.4285, 314.0681, and 0.7867, respectively.

5.2. Relative Importance of the Explanatory Variables

Figure 5 shows the relative importance of all independent variables in predicting
daily OD bike-sharing ridership and their importance rankings. The sum of the relative
importance of all explanatory variables, including the built environment variables at the
origin locations, the built environment variables at the destination locations, and the travel
impedance variable, is 100%.

In general, the impact of the destination built environment variables on the bike-
sharing ridership is slightly greater than that of the origin built environment variables, and
the sum of the relative importance of the former is 50.38%, while the latter is 47.53%.

Obviously, the top six variables of relative importance are the bus density at the
destination locations, the industrial ratio at the destination locations, the industrial ratio
at the origin locations, the local population density at the origin locations, the area at the
destination locations, and the area at the origin locations, which are 13.64%, 12.63%, 10.93%,
10.41%, 9.77%, and 6.59%, respectively. In addition, the impact of POI density and public
facilities and service density on the bike-sharing ridership is relatively slight, less than 1%
at both the origin and destination.
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Relative importance (%)

Duration
E-Bus density
E-Industrial ratio-
E-Area-
E-Subway density -
E-Transportation density -
E-Commercial ratio
E-Road density
E-Residential ratio-
E-Localpopulation density -
E-Population desntiy 1
E-POI density -
E-Public facilities and services density -
S-Industrial ratio-
S-Localpopulation density -
S-Area-
S-Subway density -
S-Residential ratio
S-Population desntiy -
S-Bus density -
S-Road density -
S-Transportation density -
S-Commercial ratio
S-POI density
S-Public facilities and services density -

2.09

3.74
1.74
1.37
1.06

0.58

0.51
0.37
0.32

3.04
2.47
2.26
1.88
1.35
1.05
0.62
0.41

13.64
12.63
9.77
4.66

10.93
10.41
6.59
6.53

0

2 4

I Travel impedance feature

6 8 10 12 14

Destination locations

16

Origin locations

Figure 5. The importance ranking of all the explanatory variables, Note: “S-" represents factors at the

origin locations, and “E-" represents factors at the destination locations.

In addition, there are some variables that make a trivial contribution to the OD

bike-sharing ridership, which are population density at the destination locations, local
population density at the destination locations, commercial ratio at the origin locations,
residential ratio at the destination locations, transportation density at the origin locations,
and road density at the destination locations, with relative importances of 0.51%, 0.58%,
1.05%, 1.06%, 1.35%, and 1.37%, respectively.

5.3. Nonlinear Associations between Key Explanatory Variables with Bike-Sharing Ridership

Figure 6 reveals the nonlinear associations between key explanatory variables at the
origin locations with daily OD bike-sharing ridership. Figure 6a confirms that the area at
the origin is positively correlated with the bike-sharing ridership. When the area is greater
than 0.6 km?, the ridership increases rapidly, and then remains at a certain level after the
area is greater than 1.2 km?. The area with a too-small area basically adopts walking travel.
When a certain area is reached, the travel distance is too far for walking, and then people
choose riding. For example, the size of a university is generally about 0.6 km? to 2 km?,
which is also one of the areas with the highest demand for shared bicycle riding.

Figure 6b explains that the population density at the origin has a positive impact on
the bike-sharing ridership. After the population density reaches 10,000 person/km?, the
upward trend of the nonlinear curve becomes gentle, and the final partial dependence
reaches about 10.7%. The higher the population density, the closer the area may be to the
city center, the less people travel by car, and the more people choose to walk, bike, or use
public transportation. In addition, the shorter the distance of travel demand, the greater
the possibility of bike-sharing travel.
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Figure 6. The effects of the key variables at the origin on the daily OD bike-sharing ridership.
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Figure 6c¢ reflects that the bike-sharing ridership will be enhanced with the increase in
the commercial ratio at the origin. When the commercial ratio increased from 0.45 to 0.7,
the partial dependence increased from 8.8% to 10.3%, and then experienced a decline and a
rapid rise. The high commercial ratio means that shopping malls, restaurants, entertainment
places, etc., are relatively dense, and the travels between places are concentrated in medium-
and short-distance travel, so the demand for cycling naturally increases.

Figure 6d shows the typical nonlinear relationship between transportation density at
the origin and OD bike-sharing ridership, which fluctuates horizontally first, then rises
sharply, then fluctuates again, and finally continues to rise and maintain at a certain level.
Among them, the transportation density values corresponding to the two sudden increases
are 100 facility /km? and 130 facility /km?, respectively, and the density threshold is about
150 facility /km?.

Figure 6e indicates that the POI density at the origin plays an active role in the bike-
sharing ridership. When the POI density reached about 1250 facility /km?, the ridership
increased sharply, peaked at 1500 facility/km?, and then the curve decreased slightly,
basically maintaining the level. To a certain extent, the POI density represents the land
development situation and the activity intensity in the region, and the increase in POI
density may reduce the travel range of residents and increase the intensity of cycling travel.

In Figure 6f, the road density is significantly positively correlated with the bike-sharing
ridership. The road density increases from 0 km/km? to 12 km/km?, and the ridership
increases significantly. When the road density is greater than 12 km/km?, its impact on the
bicycle sharing utilization rate remains almost unchanged. High road density means high
accessibility, which provides convenient access to nearby areas for traffic travelers. High
accessibility and convenience provide conditions for the passing and use of shared bicycles.

Figure 6g shows that although there is a certain disturbance, the subway density at
the origin is basically positively associated with the bike-sharing ridership, especially in
the interval with subway density of 0 facility /km? to 4 facility /km?; partial dependence
rises, zigzagging from 9.3%, until it reaches the peak of 11.2%, when the subway density is
about 4 facility / km?2, and then remains constant after a slight decrease. This shows that
connecting the subway is a major function of bike-sharing.

Figure 6h displays the nonlinear effect between bus density at the origin and bike-
sharing ridership, which first increases rapidly, and then peaks when the bus density
reaches about 5 facility/km?, and then decreases slightly and fluctuates slightly; the partial
dependence is saturated at about 10.2%. In the case of this study, when the bus density
is relatively high, the connection between buses and bike-sharing is strengthened, and
bike-sharing is more complementary to connecting buses rather than replacing them.

To summarize the above threshold effects of the built environment at the origin, we
can say that the bike-sharing ridership is higher when:

(a) The area is greater than 1.5 km?;

(b) The population density is greater than 10,000 person/km?;
(c) The commercial ratio is greater than 0.6;

(d) The transportation density is greater than 150 facility /km?;
(e) The POI density is greater than 1500 facility /km?;

(f)  The road density is greater than 12 km/km?;

(g) The subway density is greater than 4 facility /km?;

(h) The bus density is greater than 4 facility /km?.

Figure 7 explores the nonlinear impact of six variables at the destination on daily OD
bike-sharing ridership. Figure 7a shows that the area at the destination also positively
affects the bike-sharing ridership, also showing a linear positive correlation. As the area
increases from 0 km? to 2 km?, the partial dependence gradually increases from 5% to
17.5%. Then the curve accelerates and increases, and reaches the peak at the area of 2.5 km?,
about 27.5%. As the area further increases to 3 km?, the curve reaches saturation and no
longer fluctuates.



Sustainability 2024, 16, 7690

13 of 18

Partial dependence(%)

Partial dependence(%)

Partial dependence(%o)

215 14
25.0 \/“
~~
25 X B
S
8
20.0
5 121
175 =
2,
15.0
< 11
12.5 =
10.0 S
& 10
75
50 94 l l T l l .I L T L T L T
0 10000 20000 30000 40000 50000
(a) E-Area (km?) (b) E-Population desntiy (person/km?)
10.00 120
975 ns
=
950 - S 110
S
3
925 = 105
[}
<
9.00 5 100
&
8.75 T~ 95
=
850 £ 90
Q:S
825 85
80 I 1 . [ . 8.0 N Y N A . -
0025 0050 0075 0100 0125 0150 0175 50 100 150 200 250
(c) E-Industrial ratio (%) (d) E-Transportation density (facility/km?)
10.5 11.5
~ 110
10.0 =5
2
9 105
95 R
§ 100
(=W
]
9.0 =
= 95
=
<
85 -1}
£0 N T T i I gsi— 111 1L 11 1 1
2 4 6 8 10 12 14 2 4 6 8 10 12 14

(e) E-Road density (km/km?)

(f) E-Bus density (facility/km?)
Figure 7. The effects of the key variables at the destination on the daily OD bike-sharing ridership.

Figure 7b reveals that the nonlinear effect of the population density at the destination
on the bike-sharing ridership is diametrically opposite to the impact of the population
density at the origin.

When the population density is about 5000 person/km?, the curve drops rapidly, and
the partial dependence drops sharply from 13.5% to 9.5%. Later, except for insignificant
fluctuations, the curve basically stays level. As mentioned earlier, the higher the population
density, the closer it may be to the city center, so the demand for riding directly here will be
greatly reduced.

Figure 7c indicates that the industrial ratio at the destinations actively promotes the
increase in bike-sharing ridership. Before the industrial ratio reaches 0.15, the partial
dependence increases with the increase in the industrial ratio, and after the industrial ratio
reaches 0.15, the partial dependence reaches saturation and remains at 9.9%.
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The nonlinear relationship curve in Figure 7d also shows that the transportation
density at the destinations positively promotes the bike-sharing ridership, and the partial
dependence gradually increases from 8% to 11.5%. The curve enters the platform period
from the transportation density of 150 facility /km?, then has a small increase, and finally
reaches the peak at the density of about 250 facility/km? and remains stable.

Figure 7e demonstrates that the road density at the destination also significantly
improves the bike-sharing ridership. When the road density increases from 4 km/km? to
7 km/km?, the curve continues to rise, and the partial dependence increases from 9% to
10.3%. After the road density reaches 7 km/ km?, the curve will no longer continue to rise
with the increase in density. Similar to Figure 7f above, the higher the road density, the
more sufficient the road conditions for riding.

Figure 7f also visually shows the positive correlation between bus density at the
destination and bike-sharing ridership. Obviously, when the bus density is 6 facility /km?,
the partial dependence increases rapidly and finally stabilizes at 11%. Compared with the
effect of the bus density at the origin on the bike-sharing ridership, both of them promote
the ridership, but one switches to bike-sharing to the destination after the bus trip, and the
other rides to the bus station.

To summarize the above threshold effects of the built environment at the destination,
we can say that the bike-sharing ridership is higher when:

(@) The area is greater than 2 km?;

(b) The population density is less than 10,000 person/km?;

(¢) The industrial rate is greater than 0.15;

(d) The transportation density is greater than 150 facility /km?;
(e) The road density is greater than 4 km/km?;

(f)  The bus density is greater than 6 facility/km?.

In terms of travel impedance variable, Figure 8 clearly depicts the obvious negative
correlation between duration and bike-sharing ridership, that is, ridership continues to
decrease with the growth of duration. When the duration is more than 15 min, people are
almost unwilling to choose bike-sharing for travel, which is in line with the purpose of
bike-sharing for short- and medium-distance travel.

Partial dependence(%o)
=

s
o

oL L1 11T, - | i
500 1000 1500 2000 2500

Duration (s)
Figure 8. The effects of the duration on the daily OD bike-sharing ridership.

5.4. Multipredictor Partial Dependence Plot

Figure 9 indicates the superposition effect of bus density at the destination and subway
density at the destination on daily OD bike-sharing ridership. It can be seen from the
three-dimensional partial dependence plot that the partial dependence reaches the lowest
value when the bus density is less than 4 facility/km? and the subway density is less
than 1 facility/km?, and reaches the maximum value when the bus density is between
4 facility /km? and 8 facility /km? and the subway density is between 4 facility /km? and
6 facility / km?2.



Sustainability 2024, 16, 7690

15 of 18

e
I
il

i
(W
il
Wil

.

"
|
(it

g

b
& Partial dependence(%)
<3
-

&
&
&
N

~
s

Figure 9. The combined effects of E-subway density and E-bus density on the daily OD bike-sharing
ridership.

6. Conclusions and Implications

To achieve refined management for bike-sharing systems, this study applied XGBoost,
a machine learning algorithm, to analyze the nonlinear and threshold effects between the
built environment and the OD bike-sharing ridership from the street community level, using
empirical data from Xiamen Island in China. First, we calculated the relative importance,
and statistically described the impact and difference of each explanatory variable on the
prediction of the OD bike-sharing ridership. Subsequently, we further extracted and drew
the partial dependence plot to capture the nonlinear effect of built environment on OD
bike-sharing ridership, and explored the quantitative relationship between each important
influence factor and OD bike-sharing ridership.

The research results not only enable relevant managers and planning decision-makers
to have a deeper understanding of the role of built environment in the dockless bike-
sharing travel mode, but they also provide certain insights and guidance for urban land use
renewal, public transport station development and construction, and dockless bike-sharing
operation and management.

The relative importance results indicate that the built environment at the origin and
destination has great effects on the daily OD bike-sharing ridership, and the overall relative
importance is relatively close, at 47.53% and 50.38%, respectively. From the point of origin
locations, the industrial ratio, local population density, area, and subway density have a
significant impact on predicting OD bike-sharing ridership, with a total relative importance
of 34.46%. From the perspective of destination locations, the variables with higher relative
importance are bus density, industrial ratio, area, and subway density, which are 13.64%,
12.63%, 9.77%, and 4.66%, respectively. In general, industrial ratio, area, bus, and subway
density are of great importance to predict OD bike-sharing ridership at both the origin
and destination.

Effective ranges and the thresholds of the built environment factors are identified via
partial dependence plots to provide the policy implications for promoting bike-sharing
systems. It was found that when the transportation density at the origin or at the destination
is greater than 150 facility / km?, the bike-sharing ridership is higher, which reveals that it is
necessary to continue to scientifically and reasonably improve transportation facilities and
help the development of urban public transport on the basis of meeting the development
goals of the Chinese public transport system. Most importantly, we focused on the positive
impact of the bus density and subway density variables on OD bike-sharing ridership,
which, to a certain extent, explains that at the planning and bicycle release level, we should
advocate the seamless connection design of bus stations, subway stations, and bike-sharing
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release locations, so as to facilitate the connection of “the first kilometer” and “the last
kilometer” of public transport and expand the coverage of urban public transport.

The findings could provide policy implications for target audiences of different groups.
For urban planners, when actively planning and intervening in urban space from different
dimensions such as density, diversity, and design, the adaptability of bike-sharing travel
activities to the built environment can be appropriately taken into account to improve the
bike-sharing riding space. For bike-sharing operating companies, the configuration can be
optimized to achieve more scientific bike-sharing delivery, provide sufficient bike-sharing
services in areas with high bike demand, and appropriately reduce the shared bike capacity
in areas with low bike demand, so as to improve the travel efficiency of bike-sharing and
improve the turnover rate.

Of course, there are still some deficiencies in this paper, and the following aspects
could be further explored in the future. In this paper, our research case is a typical bay city,
and it is necessary to select more plain cities with different geographical and geometric char-
acteristics to analyze and compare the heterogeneity of the nonlinear relationship between
the built environment and bike-sharing ridership. Furthermore, different methods could
be compared, such as multilayer neurocontrol of high-order uncertain nonlinear systems
and integral robust schemes for mismatched uncertain nonlinear systems. The impact and
mechanisms of the built environment on the competition and cooperation relationship
between bike-sharing and other traffic modes could be further research directions.
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