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E-bike, characterized as a low-carbon and health-beneficial active travel
mode, is gradually becoming popular in China. Although built environment
factors are considered to be key parameters that can facilitate or hinder active
transportation, such as cycling or walking, few studies have explored the
impact of built environment on e-bikes. To fill this gap, this study was the first to
explore the relationship between e-bike usage and built environment factors
based on population level travel survey in central Jinan, China. Both macro
and micro levels of built environment were measured using multi-source
data. We employed ordinary least squares (OLS) and geographically weighted
regression (GWR) models to explore the aggregation patterns of e-bike trips.
Besides, the local Moran’'s | was employed to classify the aggregation patterns
of e-bike trips into four types. The results from OLS model showed that eye-
level greenery, building floor area, road density and public service POl were
positive significantly related to e-bike trips, while open sky index and NDVI had
negative association with e-bike trips. The usage of GWR model provided more
subtle results, which revealed significant spatial heterogeneity on the impacts
of different built environment parameters. Road density and public service POI
posed positive effects on e-bike travel while NDVI and open sky index were
found mainly pose negative impacts on e-bike travel. Moreover, we found
similar coefficient distribution patterns of eye-level greenery, building floor
area and distance to bus stop. Therefore, tailored planning interventions and
policies can be developed to facilitate e-bike travel and promote individual's
health level.
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Introduction

The prevalence of e-bike and its
advantages

For the past few years, the built environment which is
suitable for active transportation have attracted interests from
various of fields including urban design, public health and
transportation. Global economic development has been driven
by the fossil energy consumption which improved human living
conditions but caused air pollution and global warming and
a series of environmental problems (1). Energy-saving, low-
carbon, healthy lifestyle have become the common will of the
government and citizens (2). Governments have implemented
policies including improving energy efficiency, developing fossil
energy substitution technologies, and using biocarbon sink
technologies to reduce carbon emissions (3). In addition, it
is a key intervention to maintain physical activity level and
reduce chronic disease by encouraging residents to adopt active
transportation (i.e., walking and cycling, e-bike) rather than
apply motorized vehicles (4). Therefore, it is vital to understand
the characteristics of active transportation and its driving factors
for planning department and policy makers (5).

As an emerging active transportation mode, the advantages
of e-bike are embodied in several ways. First, compared to
traditional cycling, e-bike is time efficient (6) and aging-friendly
which can help users to overcome obstacles of long distance
and climbing (7). Meanwhile, e-bike travel also combines the
advantages of promoting personal physical fitness and well-
being (8). Specifically, e-bike travel can benefit those who
are unwilling to engage in physical activity (i.e., overweight,
disabled, and elderly) by helping them achieve moderate
vigorous of physical activity (9, 10), which is known to support
individual’s social interaction (11) and mental health (8). Some
studies have shown that e-bike travel improves metabolism (12),
cardiovascular health (13) and allows riders to have lower level of
perceived exercise and higher level of enjoyment (14). Moreover,
e-bike is more economically efficient with lower purchase price,
less operating and maintenance cost than automobile, thus
is becoming a competitive alternative (15). In addition, some
studies have shown that using an e-bike can reduce CO;
emission by about 460 kg per year, which is an impressive social
benefit (16).

The numerous benefits of e-bikes have made them popular
with residents in many countries. It is expected that more than
40 million e-bikes will be sold worldwide in 2023 generating
approximately 20 billion dollars in revenue (17). In some low-
density Western countries such as Italy, Germany and Canada,
residents ride e-bikes primarily for leisure and exercise (18).
These countries often have a unique cycling culture, with
sophisticated cycling facilities and fewer safety barriers. In
the last few years, several countries, e.g., Belgium, Norway,
Netherlands, have started to subsidize the purchase of e-bikes to
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support e-bike assisted commuting (19). Furthermore, majority
cities in Asia are still in the rapid development stage. The
high-density urban environment and high-intensity economic
pressure have raised the great demand for e-bikes. According
to statistics, the sales of e-bikes in countries including China,
Vietnam and Japan are rising year by year, occupying more than
half of the global market share (20). China, in particular, is a
global leader in the manufacture of e-bikes as well as in the
annual and total number of e-bikes sales. By the end of 2019,
China had over 300 million e-bikes and the market size reached
trillions (21). Rising gasoline price, declining e-bike technology
cost and deteriorating road congestion and parking problem are
the main reasons for the tremendous demands of e-bike (22). As
housing price continually rises and the imbalance between job-
housing relationship increases, residents’ commuting distance
has increased, thus e-bike is gradually regarded as a comfortable
and efficient way for daily transportation (23).

Relationship between built environment
and e-bike usage

Built environment is usually defined as man-made buildings
and places which involve physical facilities as well as
abstract elements such as human spatial perception (24). Built
environment is measured in various ways. The macro-level built
environment was first characterized by 3-Ds element (3Ds),
namely density, design and diversity (25). Later studies added
distance to public transportation and destination accessibility to
form the 5Ds assessment framework (26). In addition, micro-
level factors such as open sky, buildings, and greenery visibility
perceived by residents were also included in the studies related
to built environment (27).

Active travel behavior, as a fundamental travel mode of
daily life, has been proven to have strong correlation with built
environment elements. For example, proximity to commercial
facility and low noise level were prove to be benefit for residents’
walking and cycling (28). Pronounced building density and
mixed land use had a positive influence on promoting active
travel instead of automobile travel (29). Moreover, more
residents would choose to travel by bicycle in the areas with high
road density, proximity to green space and abundant bicycle
parking facilities (30).

Currently, few studies have been conducted by scholars
on e-bikes in relation to the built environment. Some studies
showed that e-bike is an alternative vehicle in many Chinese
cities (31). An empirical study revealed a non-linear association
between built environment characteristics and e-bike holdings
(32). E-bike holding has negative correlation to residence density
while is positively related to distance to public transportation
(32). The e-bike usage in China was different among various
urban scales. Longer commuting distance in metropolis made
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e-bike less competitive that public transportation, while e-bike
travel was found to be more attractive in middle-size cities (33).
In addition, some studies showed that the travel patterns of
residents in the rural area differ from those of urban residents.
Certain road level (i.e., major trunk road or city road without
bike lane) have positive effects in facilitating e-bike usage for
rural residents (34).

Multi-source urban big data to assess
built environments

Urban information collection plays a vital role in urban
studies and travel behavior research. In the past, traditional
urban research has long been constrained by field observation
characterized as time-consumption, inefficiency, and small
simple size (35). With the rapid development of big data, studies
on built environment and travel behavior broke through the
limitations of traditional data by applying emerging technologies
which can obtain real-time and accurate data to quantify
complex built environment factors. New urban data, such
as social media data (36), heatmap (37), street view image
(38), point of interest (POI) (39) and building footprint data
(40), provide urban researchers with fine spatial and temporal
granularity. However, the plenty advantages of urban big data
cannot completely replace traditional data in some research.
Urban big data and traditional data are complementary and the
integration of the two is believed to be an inevitable trend (41).
Currently, scholars are actively exploring methodologies and
specific frameworks for urban research that combine traditional
data with big data for the integration of data with various sources
in city studies (42, 43).

Research gap and our study

Despite many studies exploring the relationship between
traditional active transportation (i.e., walking, cycling) and
the built environment, e-bike related studies were rarely
emphasized (44, 45). Previous studies on e-bike travel mainly
focused on the personal perception and travel preference of
e-bike users (22, 46). Since e-bike is becoming a vital active
travel mode in developing countries, clarifying the association
between built environment and e-bike usage will enrich active
transportation research and assist urban planners in developing
more appropriate planning interventions.

In order to eliminate the research gap, e-bike usage was
measured using 2019 residential travel characteristics survey in
Jinan, China. We applied ordinary least squares (OLS) model,
geographically weighted regression (GWR) and Moran’s I to
reveal the spatial distribution pattern of e-bike usage and the
relationship between built environment factors and e-bike usage.
This study makes contribution to the existing research from
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three aspects: (1) Using multi-source data, i.e., street view images
and point-of-interest (POI) data to assess macro and micro
built environment factors and expand 5D built environment
framework. (2) Revealing the global and local effects of built
environment on e-bike travel using OLS and GWR models. (3)
To our knowledge, this study is among the first articles that
attempts to reveal the mechanism of e-bike travel.

Materials and methods

Study area and spatial unit

Jinan, the capital of Shandong Province, is a mega-city
with a long history. In the past 70 years, Jinan has developed
rapidly with the built-up area expanding to 841.2 km? and
the resident population growing to 9.336 million. Currently,
Jinan has 12 county-level administrative districts (47). However,
rapid urbanization has brought many problems to Jinan. The
increasing number of urban motor vehicles aggravates the traffic
pressure and exacerbates air pollution which has become a major
source of urban environmental degradation. In 2020, Jinan
ranked as the most congested city in China and the 11th most
polluted city in terms of air pollution (48, 49). The drawbacks
of motor vehicles have led to a surge in the number of e-bikes
in recent years. According to the statistics, about 30.56% of
Jinan residents choose e-bikes as their daily travel mode and
there are more than 3.6 million e-bikes in Jinan and the number
still grows (50). The growing demand for e-bikes places higher
requirements on Jinan’s future urban construction. Therefore,
to unveil the relationship between urban built environment and
e-bike travel can help to plan and build a better city.

The study area includes the central urban area of Jinan
(116°51'36"-117°12'25"E, 36°32'51"-36°46 5 N) enclosed by
the Jiguang Expressway, the Jingtai Expressway and the Jinan
Bypass Expressway, with an area of 535.96 km? (Figure 1).
Our study area is located at the central area of Jinan’s
master plan, and it serves as the core of Jinan’s economic,
political and cultural center. In the main urban area of
Jinan, e-bikes as a flexible mode of travel play as a vital
part in people’s daily life. This study intends to unveil the
relationship between built environment and e-bike usage in
Jinan city.

With the increasing attention on active travel in various
countries, the government is gradually promoting the
construction of 15-minute city (51), where 500-800m is
considered proximity to neighborhood residents’ activity and
is therefore widely applied in walking- or cycling-related
studies (52). In the study area, a 600 x 600m rectangular
grid was generated as the basic analytical unit which can
facilitate the integration of urban built environment statistics
with e-bike usage data (Table 1), and help to eliminate
the effect of uneven administrative division (53). Then,
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FIGURE 1
Location of the study area.

the data related to e-bike travel behavior and urban built among which the grids that did not contain e-bike travel
environment were processed and imported into the mapping data were removed, leaving a total of 770 grids in the
and analysis software ArcGIS (version 10.6) for geocoding, study area.
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TABLE 1 Definitions of the dependent and independent variables.

Variables (unit)

Dependent variable

Number of E-bike trips (N)
Independent variable

Micro scale built environment
Eye-level greenery

Open sky index

Macro scale built environment
Building floor area (m?)
Land-use mix (>0)

Road density (m)

Commercial POI (N)

Public service POI (N)
Distance to bus stop (m)

NDVI

Data source and variables

Dependant variable

In this study, e-bike travel behavior data were obtained from
the Jinan Resident’s Travel Survey of 2019 (JNRTS 2019), which
was conducted to study the travel behavior of Jinan citizens.
In order to ensure the completeness and representativeness
of the sample, the JNRTS 2019 was conducted in July 2019
by trained interviewers followed a proportional to population
size (PPS) method to obtain the sample. Respondents were
requested to offer one-day elaborate travel records. Taking e-
bike travel as an example, respondents were asked to record
personal travel message such as the start and end times, initial
and final locations. In total, the survey recruited 44,084 adults
from 698 communities in central Jinan. All locations of e-bike
trips were geocoded and relocated in corresponding fishnets
adopting ArcGIS 10.6. At last, the number of e-bike trips within
a gird was used as the dependent variable.

Macro-level built environment features

The independent variables in this study, macro-level built
environment factors, were assessed according to 5Ds framework,
including density, design, diversity, destination accessibility and
distance to public transportation (26). In addition, numerous
studies have shown that urban greenery has a significant impact
on active travel (54).

Density is measured based on the total building floor areas
in every grid. Diversity is calculated by using land-use mix of five
fundamental point of interest (POI) categories (i.e., commercial,
residential, public service, tourism and education) in each grid
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Definition

The total amount of e-bike trips (destination or origination) in each grid

The average ratio of greenery of all SVIs in each grid

The average ratio of open sky of all SVIs in each grid

The total building floor areas in each grid
The ratio of different land-use types in each grid
The total road length (m) in each grid

map.baidu.com)

The distance from the nearest bus stop in each grid

The average NDVI value of each grid

(55). Land-use mix is calculated as follows:

= i (4 (44))

E; =
’ In ()

Where Ajj indicates the percentage of POIs of category i in grid
js Nj is the number of POI types in grid j.

Design is measured based on road density, namely the
total road length (m) in each grid. We applied the number of
POlIs in each grid as destination accessibility. Distance to public
transportation is calculated by the shortest physical distance to
bus stop (56).

Finally, we employed normalized difference vegetation index
(NDVTI), a commonly used parameter for vegetation assessment,
as indicator of urban greenery (57). NDVI is calculated by
Landsat-8 remote-sensing image acquired in June 2018, the
calculation formula is shown as follows:

NIR — Red

NDVI = ———
NIR + Red

Where Red and NIR denote spectral reflectance measurements
extracted from red and near infrared areas, respectively. The
values of NDVT are between 0 to 1, a high NDVI value suggest a
high level of vegetation.

Micro-level built environment features

We collected the pedestrian’s eye-level streetscape features
via street view image (SVI) as the micro-scale built environment
characteristics (58). Sampling points were obtained every 50
meters along the urban roads by Open Street Map (OSM). Then
four SVIs (1,024*1,024 pixels) with a 90° field of view were
collected for each sampling point through Baidu Maps API
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(https://Ibsyun.baidu.com/). The heading parameters 0°, 90°,
180°, and 270° of the four pictures collected at each sampling
site representing north, east, south, and west, respectively. In this
study, 519,388 street view images were retrieved from 129,847
sampling sites in Jinan. We then performed a Pyramid Scene
Parsing Network (PSPNet) with a Cityscapes model to classify
the foreground objects in the image into 19 categories, calculate
the pixel percentage of every streetscape feature in the image
and finally obtain the average value of each streetscape feature
at each sample point. Since the vegetation (eye-level greenery)
and open sky index are widely used in active-transportation
related studies (59-61), we selected them as micro-level built
environment variables, which were measured by calculating the
average value in each grid (Figure 2).

Statistical analysis

In the research, global Moran’s I and local Moran’s I
were employed to characterize the global and local aggregation
pattern of e-bike usage. We first tested the variance inflation
factor (VIF) between the independent variables. All variables
with VIF >4 were excluded from the subsequent analysis.
Thus, education and residential POI were excluded. OLS and
GWR model were used to better quantify the built environment
elements-e-bike usage association. In addition, we combined
the results of the GWR model with Local Indicators of Spatial
Association (LISA) to further explore the local aggregation
characteristics of e-bike trips (Figure 3).

Spatial autocorrelation

Spatial autocorrelation is an essential indicator to examine
whether the attribute value of a factor is significantly associated
with its value of non-boring unit (62). Global Moran’s I indicates
the overall distribution of data within the study area, while
local Moran’s I assesses the similarities and differences between
neighboring units (63). Global and local Moran’s I are calculated
as follows:

n iy Yo @i (% — %) (- %)

i1 2jm1 @i Yy (%i — x)?
Xji—X "
1 —
“g 2o wii(% - %)
=1

&2 i1z @i (% — %) 2
B (n—1)

Global Moran'sI =

Local Moran/s I

where x; and x; denote the total e-bike trips of grid i and j,
respectively; n denotes the total count of girds; x is the mean
e-bike trips of n grids; wjj is the spatial weight matrix. The value
of Moran’s I is distributed between —1 and 1. When Moran’s I
index is above 0, it indicates that the attribute values of all girds
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have positive spatial correlation. While Moran’s I index below
0 indicates that the attribute values of all girds have negative
spatial correlation.

Local Indicators of Spatial Association (LISA) is a method
based on local Moran’s I proposed by Anselin, and this method
can reveal the possible spatial heterogeneity (64). We applied
LISA to distinguish the studies into four types i.e., high-high
(H-H), low-low (L-L), high-low (H-L) and low-high (L-H). The
H-H type represents high value clustering and the L-L type
represents low value clustering. The units of H-L type denote
high values surrounded by low values, while the L-H units
denote low values surrounded by high values.

Regression analysis

In this study, OLS and GWR models were conducted to
quantify the relationship between built environment and e-bike
travel. The OLS model is a regression model commonly used
to analyze linear relationships between variables (65). The OLS
model is calculated as follows:

y=Xp+e

where y is the e-bike trips, X is the matrix of the independent
variable, B is a vector of the coefficient, and ¢ is a vector of
random error term (66).

The GWR model is a further extension of the OLS model,
and this model can explore the spatial variation patterns of
influencing factors in different geographical locations (67). The
spatial relationship among multiple built environment variables
can be effectively processed using the GWR model to better
explain the variables affecting e-bike travel. The GWR model is
expressed as follows:

i = Bo (uj, vi) + Z Brc (ui, vi) Xj+&i i=1,....n
k=1

where (uj,v;) denotes the coordinates of unit i; B (uj, v;)
denotes the intercept value; and By (u;, v;) is the set of parameter
values at unit i. Different from the spatially fixed coefficient of
OLS model, GWR model allows the parameter estimates to vary
with units and therefore may capture local effects (68).

Results

Descriptive statistics

The descriptive statistics of e-bike ridership and built
environment are shown in Table 2. The average value of e-
bike usage in each grid is 43.30 (SD = 53.980), indicating that
there was an average of ~43 e-bike trips occurred in each unit.
Besides the count span of e-bike usage between spatial units is
substantial, ranging from 1 to 394.
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For the micro-built environment, the standard deviation same. Open sky index had a greater average value than eye-level

(SD) of both open sky index (Mean = 0.254, SD = 0.081) greenery, which indicated that the proportion of open sky was
and eye-level greenery (Mean = 0.147, SD = 0.081) were the larger than that of greenery in most spatial units. In terms of
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TABLE 2 Statistics for all variables within the Jinan study area,
sampled in 2019 (fishnet = 600 x 600 m, N = 770).

Variables (unit) Min.  Max. Mean SD
Dependent variable

Number of E-bike trips (N) 1 394 43.300 53.980
Independent variable

Micro scale built environment

Eye-level greenery 0 0.552 0.147 0.081
Open sky index 0 0.440 0.254 0.081
Macro scale built environment

Building floor area (m?) 0 197,202.304 63,536.748  43,409.640
Land-use mix (>0) 0 1.000 0.696 0.344
Road density (m) 0 17,255.150 3,997.850  2,402.737
Commercial POI (N) 0 189 18.030 25.651
Public service POI (N) 0 227 22.740 30.252
Distance to bus stop (m) 0 1,230 56.620 136.592
NDVI 0.061 0.338 0.164 0.047

N, number; Min., minimum; Max., maximum; SD, standard deviation; POI, point of
interest; NDVI, normalized difference vegetation index.

macro-built environment, the study area had a relatively high
building density (Mean = 63,536.748, SD = 43,409.640) and a
highly mixed land use level (Mean = 0.696, SD = 0.344). In
addition, the study area owned a well-connected transportation
system with a high road density (Mean = 3,997.850, SD =
2,402.737) and convenient proximity of public transit (Mean
= 56.620, SD = 136.592). Moreover, the mean value of public
service POI (Mean = 22.740, SD = 30.252) was higher than that
of commercial POI (Mean = 18.030, SD = 25.651).

Spatial distribution pattern of e-bike
travel volume

The results of global Moran’s I were presented in Figure 4A.
There was a significant spatial autocorrelation (Morans I =
0.579 and p < 0.001) in the distribution of e-bike usage in the
study area.

Figure 4B presented the results of local Moran’s I of e-
bike trips. The results of LISA specifically reflected the local
spatial correlation of e-bike travel volume. H-H clusters were
concentrated in the central part of study area, which is a densely
populated area with plenty of shopping areas. H-H areas were
considered as the core development area of Jinan. Meanwhile,
L-L clusters were distributed at the edge of the study area, which
generally characterized by poor infrastructure configuration,
complex terrain features, and relatively low population density.
We also noticed an aggregated trend in the H-H and L-L
units, respectively. In addition, L-H units were distributed in a
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fragmented form at the edge of the H-H units, while H-L units
occurred randomly within the study area.

Regression results of OLS model

The association between built environment and e-bike travel
was estimated by the OLS model (Table 3). The adjusted R?
of OLS model is 0.428, which indicated that our model could
explain 42.8% of the variation in e-bike trips in all grids.
The VIF of the explanatory factor was <4, so there was no
multicollinearity problem. The results showed that the four
explanatory variables, i.e., eye-level greenery, building floor area,
road density, and public service POI significantly promoted the
e-bike trips, while the open sky index and NDVT significantly
decreased e-bike trips. The relationships between land-use mix,
commercial POI, distance to bus stop and e-bike trips were
insignificant. However, the results did not indicate that these
variables were not associated with e-bike trips, as the OLS model
only calculates the overall effect of the study area.

Regression results of GWR model

The results of Moran’s I revealed that there was significant
spatial autocorrelation of e-bike usage, and the spatial
heterogeneity of drive factors could not be revealed by OLS
model. Therefore, we used the GWR model to further explore
the association between built environment and e-bike usage.
We applied MGWR software (version 2.2.1) for GWR model
estimation (Table 4). The results demonstrated that the AICc of
the GWR model was 1,559.603, which was about 12.1% smaller
than the AICc of the OLS model. In addition, the adjusted R2 of
the GWR model improved from 0.428 to 0.646, indicating that
the GWR model had a better explanation of e-bike variation.
Therefore, it could be illustrated that the fitting results of the
GWR model were better than those of the OLS model.

The positive parameter estimates denoted the independent
variable had positive impact on e-bike travel, and vice versa.
The statistical results of GWR model were presented in Table 4,
the coefficients of all explanatory variables had a wide range
interval, which implied that the impact of built environment
factors on e-bike travel was diverse in different spatial units.
The mean values of the coefficients of the land-use mix and
commercial POI variables in the GWR model (—0.032 and
—0.056) differed significantly from their coeflicient values in
the OLS model (0.009 and 0.054), suggesting that the two
factors had a stronger positive driving influence on e-bike
usage in certain units. In addition, the open sky index had
the largest standard deviation (STD = 0.362), which implied
a large spatial variation in explaining the degree of association
between the open sky index and e-bike trips. Moreover, majority
units of road density and public service POI had positive
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local estimation parameters (1st Quartile>0); while the open
sky index and NDVI had a higher number of negative local
estimation parameters (3rd Quartile<0).

The above statistical data analysis formulated a preliminary
knowledge of the results of GWR model. ArcGIS was used
to map the variable coefficient data of GWR model to realize
the spatial visualization of the local coefficient values, which is
convenient for us to deeply study the factors affecting e-bike
travel from a spatial perspective. The spatial distribution of the
local coefficients of 9 variables was presented in Figure 5, and the
following conclusions can be drawn.

As shown in Figures 5B,], open sky index and NDVI
variables had significantly negative effects on e-bike usage in
all grids. The positive values of the open sky index coefficient
were aggregated in the southwestern part of the study area,
where there were rolling hills and undulating terrain. In contrast
to the open sky index, the positive values of NDVT coefficient
were not densely distributed but fragmented in the eastern part
of the study area. The lowest values of both coefficients were
concentrated in the middle of the study area where belonged
to the old city of Jinan with high building density and a large
number of tourist attractions.

As shown in Figure 5G, the public service POI variable
had globally a significant positive effect on e-bike trips. The
coefficients of public service POI variable demonstrated a
vertical band distribution, with an obvious demarcation line
between positive and negative values. The positive coeflicients in
the central-eastern and western indicated that the public service
POI variable laid a positive influence on e-bike usage in these
regions; the negative coeflicients of public service POI were
concentrated in the eastern periphery of the study area, which
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TABLE 3 Results of ordinary least squares (OLS) model of built
environment and e-bike (fishnet = 600 x 600 m, N = 770).

Variable Coef. P Std. error VIF
Micro-scale built environment

Eye-level greenery 0.106 0.001** 0.031 1.264
Open sky index —0.137  0.000%** 0.030 1.189
Macro-scale built environment

Building floor area 0.148 0.000%** 0.038 1.955
Land-use mix 0.009 0.711 0.033 1.424
Road density 0.133 0.000*** 0.034 1.542
Commercial POI 0.054 0.229 0.045 2.707
Public service POI 0.329 0.000*** 0.045 2.731
Distance to bus stop 0.027 0.399 0.032 1.396
NDVI —0.149 0.000*** 0.036 1.786
Adjusted R? 0.428

Residual sum of squares 435.517

Log-likelihood —873.188

AICc 1,768.724

The numbers in parentheses represent p-values. ~ and ™" give the significance at the 5%

and 1% levels respectively.

was a developing area in Jinan, with an incomplete public service

support facility.

As shown in Figures 5A,C,H, partially identical patterns in

the coefficient distributions of the three variables of eye-level

greenery, building floor area, and distance to bus stop were
present. It was found that all three variables had both positive

and negative effects on e-bike usage, and the proportions of
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TABLE 4 Results of geographically weighted regression (GWR) model of built environment and e-bike (fishnet = 600 x 600 m, N = 770).

Variables Min 1st quartile
Micro-scale built environment

Vegetation —1.088 —0.016
Sky ~2.070 ~0.230
Macro-scale built environment

Building floor area —1.045 —0.003
Land-use mix —1.195 —0.075
Road density —0.175 0.049
Commercial POI —0.404 —0.157
Public service POI —0.131 0.111
Distance to bus stop —1.034 —0.034
NDVI —1.553 —0.328
Adjusted R? 0.646

Residual sum of squares 226.044

Log-likelihood —620.704

AlCc 1,559.603

units with positive and negative values were similar. In addition,
the distribution of coefficients for all three variables were
found to be concentric circles, expanding outward from the
core area of maximum negative value in the middle with the
coeflicients progressively larger. The distribution of the positive
units of the three variables differs. In the northwestern and
northeastern part, eye-level greenery positively contributed to
e-bike usage, while in the southeastern part, e-bike usage was
positive associated with building floor area. The maximum
positive value of distance to bus stop variable met the eastern
side of the negative core and the distribution was demonstrated
in east-west direction which was stripe-like.

The coefficients of land-use mix, road density and
commercial POI were distributed differently as shown in
Figures 5D-F. The coefficients of land-use mix were distributed
in a binomial pattern, and the coefficients of the core area
had the lowest negative values, and the positive values were
distributed in the central and eastern part of the study area.
In the central part, negative coefficients of road density were
distributed from west to east, and the distribution pattern was
same as the direction and location of the most important traffic
artery in Jinan (Jingshi Road). The positive-coefficient units of
commercial POI overlapped with several important commercial
areas of Jinan, indicating that commercial facilities had a strong
attraction and could promote e-bikes usage to some extent.

E-bike travel aggregation characteristics

In Sections Spatial distribution pattern of e-bike travel
volume and Regression results of GWR model, we investigated
the local spatial effects of e-bike trips and the spatial distribution
of the coefficients of each built environment variable by
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Mean 3rd quartile Max STD
0.049 0.177 0.410 0216
—0.204 —0.005 0.170 0.362
0.089 0235 0.547 0271
—0.032 0.066 0.481 0.196
0.112 0.162 0.423 0.103
—0.056 0.059 0.230 0.139
0.271 0.405 0.905 0.250
0.027 0.099 0.770 0.203
—0.212 —0.030 0.074 0.270

estimating local Moran’s I and GWR model, respectively. We
found a clear spatial aggregation of e-bike trips. To further
investigate the connection between this phenomenon and the
built environment, we calculated the mean coefficient values
of each explanatory variable of the four types of spatial units
(ie, H-H, H-L, L-H, L-L) from Figure 3B to explore the
built environment characteristics corresponding to four spatial
types (63).

Figure 6 depicted the results. The positive and negative
of the ordinate mean coefficient represented the influence
of built environment factors on e-bike travel; the positive
value represented the promotion effect, and the negative value
represented the prohibitive effect. The average coefficient value
of the built environment factor indicated the influence degree of
this factor on e-bike travel. The larger absolute value denoted
the greater influence degree. The closer the absolute value to
0 indicated faint influence of this factor on e-bike travel. H-
H cluster and L-H cluster had similar numerical distribution
pattern, and the same pattern was found between L-L and
H-L clusters. In addition, H-H and L-H clusters formed the
units with large e-bike trips, while L-L cluster and H-L cluster
represented the units with few e-bike trips. In the areas with large
e-bike trips, the average coefficients of public service POI, open
sky and NDVT had the largest absolute values, which indicated
that these three factors had the strongest impact on e-bike trips,
while other factors had relatively weak impact on e-bike trips.
In the areas with few e-bike travel volume, the average absolute
values of the coefficients of all types of built environment factors
were close, and there was no significant difference among the
coeflicient values of all variables.

This section might serve as a reference for urban planners in
decision making. For example, when creating an e-bike friendly
area, priority can be given to build improved public services,
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reduce sky visibility to achieve the goal of promoting e-bikes
usage. A profound understanding of the built environment
influence can help the government to improve money efficiency
and lay a solid foundation for building a cycling-friendly city.

Discussion
Major findings

As a new mode of active travel, e-bikes are widely accepted
and used worldwide and are even considered to be able to
replace motor vehicles in China (20). The healthful and low-
carbon advantages of e-bikes are in line with the common
consensus on low-carbon and healthy cities. Understanding
the association between the urban built environment elements
and e-bike travel is critical for urban planners. Although there
are plentiful academic studies on the correlation between the
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urban built environment and various modes of transportation,
few study focuses on the built environment effects on e-
bike travel, especially from a global and local level. Moreover,
previous empirical studies on built environment usually
selected macro-level factors, ignoring the micro-level factors
which involve residents’ perception. This study addresses the
abovementioned gap by unveiling the spatial relationship
between built environment and e-bike travel of Jinan, and our
study yields two major findings.

First, the relationship varies between different built
environment variables and e-bike travel. The results of the
OLS model indicate that road density is positively associated
with e-bike usage. A well-connected street network increases
the destination accessibility, thus encouraging e-bike usage.
Pronounced diversity and proximity to bus stops reduce trip
distance and offer a variety of possible transportation options
for the residents (26, 69). In addition, various categories of
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destination accessibility have various correlations to e-bike
trips. Public service POI has a significant positive relationship
with e-bike trips, while commercial POI yields a negative
relationship. Our finding is opposite of previous walking-
related empirical studies, which prove public service POI
has a significant negative impact on pedestrian volume and
commercial POI has a positive impact (58, 70). The possible
explanation is that the parking facilities for e-bikes are not well
configured in most of the commercial establishments in Jinan.
In addition, commercial areas attract a large number of people
and are prone to block traffic, thus inhibiting e-bike trips. At the
micro level, open sky has some inhibitory effect on e-bike usage.
The eye-level greenery shows a positive correlation with e-bike
usage while the NDVI variable shows a negative correlation
with it. The results indicate a mismatch between the human
street greenery perception and the bird’s view greenery obtained
through remote sensing satellites, which is consistent with
previous study (61).

Second, there is significant spatial heterogeneity in the
relationship between various built environment factors and
e-bike usage. The distribution diagram of the GWR model
coeflicient values (Figure 5) indicates that the coefficients of
most variables, except for public service POI, show a negative
clustering at the center of the study area. We believe one reason
for this phenomenon is that the planning of the old urban area is
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mainly centered on the preservation of historic sites, streets, and
buildings, which has resulted in insufficient space to allocate e-
bike related support facilities, including charging posts, parking
areas and carriageways. Moreover, there is narrow spatial scale of
residential areas in old downtown, thus e-bike travel can easily
conflict with other modes of transportation (71, 72). The other
reason to explain the finding is that large commercial complexes
and scenic spots are not suitable for e-bike travel (73). Unlike
small and medium-sized commercial facilities, large commercial
facilities are more friendly for walking and motorized access
because of the dense crowds and complex traffic conditions,
while the high speed of e-bikes poses a greater safety risk in
these areas. In addition, insufficiency in e-bike parking facilities
in large commercial complexes and scenic spots act as a drag
for e-bike riding (32). The old downtown of Jinan has a
well-developed public transportation network which motivates
residents to carry out their daily travel activities by walking and
public transportation rather than using e-bikes (74).

Planning implications
Jinan, as well as many other Chinese cities, is expanding

in the rapid-urbanization context, which is a challenge for
promoting e-bike commuting. This study indicates that when
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planning and building new urban areas, planners can achieve the
purpose of regulating e-bike flows through the flexible settings
of local built environment. In addition, interventions in the
built environment can also alleviate traffic congestion in old
urban areas to some extent. For example, in the areas with
intensive e-bike travel congestion, increasing the sky openness
by controlling the height of buildings and the number of trees
can reduce the e-bike usages. On the contrast, in the areas
without intensive travel congestion, increasing the greenery and
constructing public service facilities along the roads can attract
more e-bikes pass through these areas. Moreover, e-bike facility
policies must also be integrated with vehicle traffic management
policies, for example, setting speed limits, subsidizing the use
of low-pollution vehicles, and constructing related supporting
facilities. E-bike facility policies are also closely related to social
equity and environmental justice. Chinese cities urgently need
to develop long-term policies aimed at building cycling-friendly
cities before they are permanently dominated by motorized
forms of travel.

This study provides an effective decision support framework
for policymakers to identify the most influential built
environment factors associated with e-bike travel so as to
build a healthy and low-carbon city (75). Based on this
framework, tailored policy and planning interventions may
enable residents to have a better e-bike travel experience in
their local urban environment. In summary, planners and
policymakers should take into fully account the positive or
negative effects of different built environment elements on
the e-bike usage and provide tailored planning strategy when
carrying out specific e-bike related planning.

Limitations

Despite of the theoretical and practical implications for
future urban planning and public policy formulation, limitations
of our study should also be acknowledged. First, OLS and GWR
models are linear regression models, which involve only linear
interpolation and have some limitations (37). Therefore, the
relationship between urban built environment and e-bike usage
should be further explored by model improvement. Second, the
spatial scale effect and modifiable areal unit problem (MAUP)
is the most important issues in urban planning and geography
(76). Due to the difference in travel distance per unit time
for choosing different travel modes, the effect of choosing
different grid sizes as the basic unit of study may be sensitive
to the results (53). In future research, the scale effect of built
environment on e-bike usage could be further explored by
transforming the grid size in the spatial dimension. Third,
due to the limitations of data and technology, this paper only
considered eye-level greenery and open sky as representatives of
micro-level built environment variables. Future research hopes
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to further explore the relationship between more micro built
environment elements and e-bike usage. Finally, this study did
not consider the longitudinal variation of e-bike usage, future
studies may work on revealing the effects of built environment
on e-bike travel in different time periods.

Conclusion

This study is the first to reveal the relationship between
the built environment and e-bike travel in Jinan. Specifically,
we designed a framework of built environment variables at
both macro and micro levels using multiple sources of data to
better quantify the built environment and we applied the OLS
and GWR models to compare the coefficients of each variable
globally and locally. The characteristics of built environment
corresponding to different aggregation pattern of e-bike trips are
analyzed using the GWR model and local Moran’s I. The results
of our study indicate key factors that need to be considered
in the planning stage to reduce congestion pressure on urban
traffic. For example, public services facilities and reasonable road
network density can encourage e-bike traveling, while open sky
and NDVT have an inverse impact on e-bike use. However, the
impacts may vary across city level and further research is needed
to identify the specific impacts across different areas. With more
evidence, it would be easier to generalize findings from one
region to others and inform built environment planning in
China and other developing countries.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

Ethical review and approval were not required for the study
on human participants in accordance with the local legislation
and institutional requirements. Written informed consent for
participation was not required for this study in accordance with
the national legislation and the institutional requirements.

Author contributions

YY: data collection, data curation, methodology, and
writing-original draft. YJ: conceptualization, methodology, and
writing-original draft. NQ: conceptualization, visualization, and
writing-review and editing. HG: data collection and writing-
review and editing. XH: supervision, methodology, and writing-
review and editing. YG: supervision and writing-review and

frontiersin.org


https://doi.org/10.3389/fpubh.2022.1013421
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Yu et al.

editing. All authors contributed to the article and approved the
submitted version.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

References

1. Fuglestvedt J, Berntsen T, Myhre G, Rypdal K, Skeie RB. Climate
forcing from the transport sectors. Proc Natl Acad Sci USA. (2008) 105:454—
8. doi: 10.1073/pnas.0702958104

2. Geng J, Long R, Chen H, Li Q. Urban residents’ response to and evaluation
of low-carbon travel policies: evidence from a survey of five eastern cities
in China. J Environ Manage. (2018) 217:47-55. doi: 10.1016/j.jenvman.2018.
03.091

3. Chen W, Li J. Who are the low-carbon activists? Analysis of the influence
mechanism and group characteristics of low-carbon behavior in Tianjin, China.
Sci Total Environ. (2019) 683:729-36. doi: 10.1016/j.scitotenv.2019.05.307

4. Scheepers CE, Wendel-Vos GCW, den Broeder JM, van Kempen EEMM, van
Wesemael PJV, Schuit AJ. Shifting from car to active transport: A systematic review
of the effectiveness of interventions. Transp. Res. Part A Policy Practice. (2014)
70:264-80. doi: 10.1016/j.tra.2014.10.015

5. Laird Y, Kelly P, Brage S, Woodcock J. Cycling and walking for individual
and population health benefits: a rapid evidence review for health and care system
decision-makers (2018).

6. Bourne JE, Sauchelli S, Perry R, Page A, Leary S, England C, et al. Health
benefits of electrically-assisted cycling: a systematic review. Int ] Behav Nutr Phys
Activity. (2018) 15:116. doi: 10.1186/s12966-018-0751-8

7. Rérat P. The rise of the e-bike: towards an extension of the practice of cycling?
Mobilities. (2021) 16:423-39. doi: 10.1080/17450101.2021.1897236

8. Anderson CC, Clarkson DE, Howie VA, Withyman CJ, Vandelanotte C. Health
and well-being benefits of e-bike commuting for inactive, overweight people living
in regional Australia. Health Prom ] Aust. (2022) 2022:1-9. doi: 10.1002/hpja.590

9. Sperlich B, Zinner C, Hébert-Losier K, Born D-P, Holmberg
H-C  Biomechanical, cardiorespiratory,  metabolic = and  perceived
responses to electrically assisted cycling. Eur ] Appl Physiol. (2012)
112:4015-25. doi: 10.1007/s00421-012-2382-0

10. Hoj TH, Bramwell JJ, Lister C, Grant E, Crookston BT, Hall C. et al. Increasing
active transportation through e-bike use: pilot study comparing the health benefits,
attitudes, and beliefs surrounding e-bikes and conventional bikes. JMIR Public
Health Surv. (2018) 4:¢10461. doi: 10.2196/10461

11. Zuev D. Urban Mobility in Modern China: The Growth of the e-Bike. Berlin:
Springer (2018). doi: 10.1007/978-3-319-76590-7

12. Alessio HM, Reiman T, Kemper B, von Carlowitz W, Bailer AJ,
Timmerman K. Metabolic and cardiovascular responses to a simulated
commute on an E-bike. Transl ] Am College Sports Med. (2021)
6:€000155. doi: 10.1249/TJX.0000000000000155

13. Gloekler S, Wenaweser PM, Lanz J, Stoller M. How e-biking can boost
cardiovascular health. Eur Heart J. (2015) 36:2033. doi: 10.1093/eurheartj/ehv154

14. Wild K, Woodward A. Why are cyclists the happiest
commuters? Health, pleasure and the e-bike. J Transp Health. (2019)
14:100569. doi: 10.1016/j.jth.2019.05.008

15. Litman T. Evaluating Active Transport Benefits and Costs. Victoria, BC:
Victoria Transport Policy Institute (2015).

16. Philips I, Anable ], Chatterton T. E-bikes and their capability
to reduce car CO, emissions. Transp Policy. (2022) 116:11-
23. doi: 10.1016/j.tranpol.2021.11.019

17. Saili Motor. ELectric Bike Facts and Statistics for 2022. (2022). Available
online at: https://www.sailimotor.com/ELectric- Bike- Facts- Statistics- for-2022-
id46050477.html (accessed July 31, 2022).

Frontiersin Public Health

10.3389/fpubh.2022.1013421

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

18. Buehler R, Pucher J. Cycling through the COVID-19 pandemic to a
more sustainable transport future: evidence from case studies of 14 large
bicycle-friendly cities in Europe and North America. Sustainability. (2022)
14:7293. doi: 10.3390/su14127293

19. Cairns S, Behrendt E Raffo D, Beaumont C, Kiefer C. Electrically-assisted
bikes: potential impacts on travel behaviour. Transp Res Part A Policy Pract. (2017)
103:327-42. doi: 10.1016/j.tra.2017.03.007

20. Fishman E, Cherry C. E-bikes in the mainstream: reviewing a decade of
research. Transp Rev. (2016) 36:72-91. doi: 10.1080/01441647.2015.1069907

21. China Commercial Industry Research Institute. China Electric Bicycle
Industry Status In-depth Research and Investment Prospects Forecast Report. (2020).
Available online at: https://www.askci.com/reports/ (accessed July 31, 2022).

22. Cherry C, Cervero R. Use characteristics and mode choice
behavior of electric bike users in China. Transp Policy. (2007)
14:247-57. doi: 10.1016/j.tranpol.2007.02.005

23.Sun S, Yao Y, Xu L, He X, Duan Z. The use of E-moped increases commute
satisfaction and subjective well-being: evidence from Shanghai, China. Transp
Policy. (2022) 117:60-73. doi: 10.1016/j.tranpol.2022.01.010

24. Saelens BE, Handy SL. Built environment correlates of walking: a review. Med
Sci Sports Exerc. (2008) 40:S550-66. doi: 10.1249/MSS.0b013e31817c67a4

25. Cervero R, Kockelman K. Travel demand and the 3Ds: density,
diversity, and design. Transp Res Part D Transp Environ. (1997) 2:199-
219. doi: 10.1016/S1361-9209(97)00009-6

26. Ewing R, Cervero R. Travel and the built environment. ] Am Plan Assoc.
(2010) 76:265-94. doi: 10.1080/01944361003766766

27. Evans JE, Perincherry V, Bruce Douglas G. Transit friendliness factor:
approach to quantifying transit access environment in a transportation planning
model. Transp Res Rec. (1997) 1604:32-9. doi: 10.3141/1604-05

28. van Lenthe FJ, Brug J, Mackenbach J]. Neighbourhood inequalities in
physical inactivity: the role of neighbourhood attractiveness, proximity to
local facilities and safety in the Netherlands. Soc Sci Med. (2005) 60:763—
75. doi: 10.1016/j.socscimed.2004.06.013

29. Cervero R. Mixed land-uses and commuting: evidence from the
American Housing Survey. Transp Res Part A Policy Pract. (1996) 30:361-
77. doi: 10.1016/0965-8564(95)00033-X

30. Yang Y, Wu X, Zhou P, Gou Z, Lu Y. Towards a cycling-
friendly city: an updated review of the associations between built
environment and cycling behaviors (2007-2017). ] Transp Health. (2019)
14:100613. doi: 10.1016/j.jth.2019.100613

31. Cherry CR, Yang H, Jones LR, He M. Dynamics of electric bike
ownership and use in Kunming, China. Transp Policy. (2016) 45:127-
35. doi: 10.1016/j.tranpol.2015.09.007

32. Ding C, Cao X, Dong M, Zhang Y, Yang J. Non-linear relationships
between built environment characteristics and electric-bike ownership in
Zhongshan, China. Transp Res Part D Transp Environ. (2019) 75:286-
96. doi: 10.1016/j.trd.2019.09.005

33. Galatoulas N-F, Genikomsakis KN, Ioakimidis CS. Spatio-Temporal trends
of e-bike sharing system deployment: a review in Europe, North America and Asia.
Sustainability. (2020) 12:4611. doi: 10.3390/sul2114611

34. Hu Y, Ettema D, Sobhani A. To e-bike or not to e-bike? A study of the impact
of the built environment on commute mode choice in a small Chinese city. ] Transp
Land Use. (2021) 14:479-97. doi: 10.5198/jtlu.2021.1807

frontiersin.org


https://doi.org/10.3389/fpubh.2022.1013421
https://doi.org/10.1073/pnas.0702958104
https://doi.org/10.1016/j.jenvman.2018.03.091
https://doi.org/10.1016/j.scitotenv.2019.05.307
https://doi.org/10.1016/j.tra.2014.10.015
https://doi.org/10.1186/s12966-018-0751-8
https://doi.org/10.1080/17450101.2021.1897236
https://doi.org/10.1002/hpja.590
https://doi.org/10.1007/s00421-012-2382-0
https://doi.org/10.2196/10461
https://doi.org/10.1007/978-3-319-76590-7
https://doi.org/10.1249/TJX.0000000000000155
https://doi.org/10.1093/eurheartj/ehv154
https://doi.org/10.1016/j.jth.2019.05.008
https://doi.org/10.1016/j.tranpol.2021.11.019
https://www.sailimotor.com/ELectric-Bike-Facts-Statistics-for-2022-id46050477.html
https://www.sailimotor.com/ELectric-Bike-Facts-Statistics-for-2022-id46050477.html
https://doi.org/10.3390/su14127293
https://doi.org/10.1016/j.tra.2017.03.007
https://doi.org/10.1080/01441647.2015.1069907
https://www.askci.com/reports/
https://doi.org/10.1016/j.tranpol.2007.02.005
https://doi.org/10.1016/j.tranpol.2022.01.010
https://doi.org/10.1249/MSS.0b013e31817c67a4
https://doi.org/10.1016/S1361-9209(97)00009-6
https://doi.org/10.1080/01944361003766766
https://doi.org/10.3141/1604-05
https://doi.org/10.1016/j.socscimed.2004.06.013
https://doi.org/10.1016/0965-8564(95)00033-X
https://doi.org/10.1016/j.jth.2019.100613
https://doi.org/10.1016/j.tranpol.2015.09.007
https://doi.org/10.1016/j.trd.2019.09.005
https://doi.org/10.3390/su12114611
https://doi.org/10.5198/jtlu.2021.1807
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Yu et al.

35. Feng Z, Xiao Q, Xi Guangliang. The innovation of geography and
human geography in the information era. Sci Geographica Sin. (2015) 35:11-8.
doi: 10.13249/j.cnki.sgs.2015.01.002

36. Yan X-Y, Wang W-X, Gao Z-Y, Lai Y-C. Universal model of individual
and population mobility on diverse spatial scales. Nat Commun. (2017)
8:1639. doi: 10.1038/541467-017-01892-8

37. Zhang Z, Xiao Y, Luo X, Zhou M. Urban human activity density
spatiotemporal variations and the relationship with geographical factors: An
exploratory Baidu heatmaps-based analysis of Wuhan, China. Growth Change.
(2019) 51:505-29. doi: 10.1111/grow.12341

38. Zhou J, Pei H, Wu H. Early Warning of Human Crowds Based on
Query Data From Baidu Maps: Analysis Based on Shanghai Stampede. Big Data
Support of Urban Planning and Management. Cham: Springer (2018). p. 19—
41. doi: 10.1007/978-3-319-51929-6_2

39. Jahromi KK, Zignani M, Gaito S, Rossi GP. Theory. Simulating human
mobility patterns in urban areas. Simul Model Pract Theory. (2016) 62:137-
56. doi: 10.1016/j.simpat.2015.12.002

40. Li Q, Shi Y, Huang X, Zhu XX. Building footprint generation by
integrating convolution neural network with feature pairwise conditional
random field (FPCRF). IEEE Trans Geosci Remote Sens. (2020) 58:7502-
19. doi: 10.1109/TGRS.2020.2973720

41. Fangwen TJ. Big data and small data: methods in social sciences. |
Sun Yat-sen Univ Soc Sci. (2015) 55:141-6. doi: 10.13471/j.cnki.jsysusse.2015.
06.014

42. Wu W. New Methods of Urban Research in the Information Age-Based
on the Combination of Big Data and Traditional Data. In: 2021 International
Conference on Big Data Analytics for Cyber-Physical System in Smart City. Cham:
Springer (2022). doi: 10.1007/978-981-16-7469-3_34

43. Yang L, Liang Y, He B, Lu Y, Gou Z. COVID-19 effects on property
markets: The pandemic decreases the implicit price of metro accessibility. Tunnel
Underground Space Technol. (2022) 125:104528. doi: 10.1016/j.tust.2022.104528

44. Zhang Y, Li Y, Yang X, Liu Q, Li C. Built environment and household electric
bike ownership: insights from Zhongshan Metropolitan Area, China. Transp Res
Rec. (2013) 2387:102-11. doi: 10.3141/2387-12

45. Guo Y, He SY. Built environment effects on the integration of dockless
bike-sharing and the metro. Transp Res Part D Transp Environ. (2020)
83:102335. doi: 10.1016/j.trd.2020.102335

46. Jamerson FE, Benjamin E. Worldwide electric powered two wheel market.
World Electr Veh J. (2012) 5:269-75. doi: 10.3390/wevj5020269

47. Jinan Bureau of Statistics. Statistical Communique of Jinan on the 2021
National Economic and Social Development. (2022). Available online at: http://jntj.
jinan.gov.cn/art/2022/3/4/art_18254_4745381.html (accessed July 31, 2022).

48. Ministry of Ecology and Environment. Brief Report on National Ecological
Environment Quality in 2020. (2021). Available online at: https://www.mee.gov.cn/
xxgk2018/xxgk/xxgk15/202103/t20210302_823100.html (accessed July 31, 2022).

49. State Information Center. Traffic Analysis Report of Major Chinese Cities in
QI 0f 2020. (2020). Available online at: https://report.amap.com/download_city.do
(accessed July 31, 2022).

50. Jinan Bureau of Transportation. Jinan Resident Travel Survey Data Analysis
Report (2019).

51. Pozoukidou G, Chatziyiannaki Z. 15-Minute City: Decomposing the new
urban planning eutopia. Sustainability. (2021) 13:928. doi: 10.3390/su13020928

52. Wang Y, Zhan Z, Mi Y, Sobhani A, Zhou H. Nonlinear effects of factors on
dockless bike-sharing usage considering grid-based spatiotemporal heterogeneity.
Transp Res Part D Transp Environ. (2022) 104:103194. doi: 10.1016/j.trd.2022.
103194

53. He J, Huang X, Xi G. Measuring urban metrics of creativity
using a grid-based geographically weighted regression model. J Urban
Plan  Dev. (2018)  144:05018008. doi: 10.1061/(ASCE)UP.1943-5444.
0000450

54. Tsai W-L, Yngve L, Zhou Y, Beyer KMM, Bersch A, Malecki
KM, et al. Street-level neighborhood greenery linked to active
transportation: a case study in Milwaukee and Green Bay, WI, USA.
Landsc  Urban Plan. (2019) 191:103619. doi: 10.1016/j.landurbplan.2019.
103619

Frontiersin Public Health

15

10.3389/fpubh.2022.1013421

55. Bordoloi R, Mote A, Sarkar PP, Mallikarjuna C. Quantification of land use
diversity in the context of mixed land use. Proc Soc Behav Sci. (2013) 104:563-
72. doi: 10.1016/j.sbspro.2013.11.150

56. Yang L, Chau KW, Szeto WY, Cui X, Wang X. Accessibility to transit, by
transit, and property prices: spatially varying relationships. Transp Res Part D:
Transp Environ. (2020) 85:102387. doi: 10.1016/j.trd.2020.102387

57.YangL, LiuJ,LuY, Ao Y, Guo Y, Huang W, et al. Global and local associations
between urban greenery and travel propensity of older adults in Hong Kong.
Sustain Cities Soc. (2020) 63:102442. doi: 10.1016/j.s¢s.2020.102442

58. Jiang Y, Chen L, Grekousis G, Xiao Y, Ye Y, Lu Y. Spatial disparity of
individual and collective walking behaviors: a new theoretical framework. Transp
Res Part D Transp Environ. (2021) 101:103096. doi: 10.1016/j.trd.2021.103096

59. Yin L. Street level urban design qualities for walkability: combining
2D and 3D GIS measures. Comput Environ Urban Syst. (2017) 64:288-
96. doi: 10.1016/j.compenvurbsys.2017.04.001

60. Yang Y, He D, Gou Z, Wang R, Liu Y, Lu Y, et al. Association between street
greenery and walking behavior in older adults in Hong Kong. Sustain Cities Soc.
(2019) 51:101747. doi: 10.1016/.5¢5.2019.101747

61. Ye Y, Richards D, Lu Y, Song X, Zhuang Y, Zeng W, et al
Measuring daily accessed street greenery: A human-scale approach for
informing better urban planning practices. Lansc Urban Plan. (2019)
191:103434. doi: 10.1016/j.landurbplan.2018.08.028

62. Getis A. Spatial Autocorrelation. Handbook of Applied Spatial Analysis. Cham:
Springer (2010). p. 255-78. doi: 10.1007/978-3-642-03647-7_14

63. Zeng P, Sun Z, Chen Y, Qiao Z, Cai L. COVID-19: A comparative study of
population aggregation patterns in the central urban area of Tianjin, China. Int |
Environ Res Public Health. (2021) 18:2135. doi: 10.3390/ijerph18042135

64. Anselin LJ. Local indicators of spatial association-LISA. Geograph Anal.
(1995) 27:93-115. doi: 10.1111/j.1538-4632.1995.tb00338 x

65. Breiman L, Friedman J. Predicting multivariate responses in multiple linear
regression. J R Stat Soc B. (1997) 59:3-54. doi: 10.1111/1467-9868.00054

66. Devkota ML, Hatfield G, Chintala R], Science C. Effect of sample size on the
performance of ordinary least squares and geographically weighted regression. Br
J Math Comput Sci. (2014) 4:1-21. doi: 10.9734/BJMCS/2014/6050

67. Brunsdon C, Fotheringham A, Charlton M. Geographically weighted
summary statistics-a framework for localised exploratory data analysis. Comput
Environ Urban Syst. (2002) 26:501-24. doi: 10.1016/50198-9715(01)00009-6

68. Huang B, Wu B, Barry M. Geographically and temporally weighted regression
for modeling spatio-temporal variation in house prices. Int J Geogr Inform Sci.
(2010) 24:383-401. doi: 10.1080/13658810802672469

69. Guo Y, He SY. The role of objective and perceived built environments in
affecting dockless bike-sharing as a feeder mode choice of metro commuting.
Transp Res Part A Policy Pract. (2021) 149:377-96. doi: 10.1016/j.tra.2021.04.008

70. Guo Y, Yang L, Chen Y. Bike share usage and the built environment: a review.
Front Public Health. (2022) 10:848169. doi: 10.3389/fpubh.2022.848169

71. Wu C, Kim I, Chung H. The effects of built environment spatial
variation on bike-sharing usage: a case study of Suzhou, China. Cities. (2021)
110:103063. doi: 10.1016/j.cities.2020.103063

72. Guo Y, Yang L, Huang W, Guo Y. Traffic safety perception, attitude, and
feeder mode choice of metro commute: evidence from Shenzhen. Int | Environ Res
Public Health. (2020) 17:9402. doi: 10.3390/ijerph17249402

73. Zhao D, Ong GP, Wang W, Zhou W. Estimating public bicycle trip
characteristics with consideration of built environment data. Sustainability. (2021)
13:500. doi: 10.3390/su13020500

74.Kim T, Sohn D-W, Choo S. An analysis of the relationship between pedestrian
traffic volumes and built environment around metro stations in Seoul. KSCE J Civil
Eng. (2017) 21:1443-52. doi: 10.1007/s12205-016-0915-5

75. Guo Y, Yang L, Lu Y, Zhao R. Dockless bike-sharing as a feeder
mode of metro commute? The role of the feeder-related built environment:
Analytical framework and empirical evidence. Sustain Cities Soc. (2021)
65:102594. doi: 10.1016/j.5¢5.2020.102594

76.  Fotheringham ~AS, Wong DW. The
problem in multivariate statistical analysis.
23:1025-44. doi: 10.1068/a231025

modifiable
Environ

unit
(1991)

areal
Plan.

frontiersin.org


https://doi.org/10.3389/fpubh.2022.1013421
https://doi.org/10.13249/j.cnki.sgs.2015.01.002
https://doi.org/10.1038/s41467-017-01892-8
https://doi.org/10.1111/grow.12341
https://doi.org/10.1007/978-3-319-51929-6_2
https://doi.org/10.1016/j.simpat.2015.12.002
https://doi.org/10.1109/TGRS.2020.2973720
https://doi.org/10.13471/j.cnki.jsysusse.2015.06.014
https://doi.org/10.1007/978-981-16-7469-3_34
https://doi.org/10.1016/j.tust.2022.104528
https://doi.org/10.3141/2387-12
https://doi.org/10.1016/j.trd.2020.102335
https://doi.org/10.3390/wevj5020269
http://jntj.jinan.gov.cn/art/2022/3/4/art_18254_4745381.html
http://jntj.jinan.gov.cn/art/2022/3/4/art_18254_4745381.html
https://www.mee.gov.cn/xxgk2018/xxgk/xxgk15/202103/t20210302_823100.html
https://www.mee.gov.cn/xxgk2018/xxgk/xxgk15/202103/t20210302_823100.html
https://report.amap.com/download_city.do
https://doi.org/10.3390/su13020928
https://doi.org/10.1016/j.trd.2022.103194
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000450
https://doi.org/10.1016/j.landurbplan.2019.103619
https://doi.org/10.1016/j.sbspro.2013.11.150
https://doi.org/10.1016/j.trd.2020.102387
https://doi.org/10.1016/j.scs.2020.102442
https://doi.org/10.1016/j.trd.2021.103096
https://doi.org/10.1016/j.compenvurbsys.2017.04.001
https://doi.org/10.1016/j.scs.2019.101747
https://doi.org/10.1016/j.landurbplan.2018.08.028
https://doi.org/10.1007/978-3-642-03647-7_14
https://doi.org/10.3390/ijerph18042135
https://doi.org/10.1111/j.1538-4632.1995.tb00338.x
https://doi.org/10.1111/1467-9868.00054
https://doi.org/10.9734/BJMCS/2014/6050
https://doi.org/10.1016/S0198-9715(01)00009-6
https://doi.org/10.1080/13658810802672469
https://doi.org/10.1016/j.tra.2021.04.008
https://doi.org/10.3389/fpubh.2022.848169
https://doi.org/10.1016/j.cities.2020.103063
https://doi.org/10.3390/ijerph17249402
https://doi.org/10.3390/su13020500
https://doi.org/10.1007/s12205-016-0915-5
https://doi.org/10.1016/j.scs.2020.102594
https://doi.org/10.1068/a231025
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Exploring built environment factors on e-bike travel behavior in urban China: A case study of Jinan
	Introduction
	The prevalence of e-bike and its advantages
	Relationship between built environment and e-bike usage
	Multi-source urban big data to assess built environments
	Research gap and our study

	Materials and methods
	Study area and spatial unit
	Data source and variables
	Dependant variable
	Macro-level built environment features
	Micro-level built environment features

	Statistical analysis
	Spatial autocorrelation
	Regression analysis


	Results
	Descriptive statistics
	Spatial distribution pattern of e-bike travel volume
	Regression results of OLS model
	Regression results of GWR model
	E-bike travel aggregation characteristics

	Discussion
	Major findings
	Planning implications
	Limitations

	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Conflict of interest
	Publisher's note
	References


