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Developing evidence-based planning interventions for promoting physical

activity (PA) is considered an effective way to address urban public health

issues. However, previous studies exploring how the built environment affects

PA over-relied on small-sample survey data, lacked human-centered

measurements of the built environment, and overlooked spatially-varying

relationships. To fill these gaps, we use cycling and running activity

trajectories derived from the Strava crowdsourcing data to comprehensively

measure PA in the central city area of Chengdu, China. Meanwhile, we

introduce a set of human-scale, eye-level built environment factors such as

green, sky, and road view indexes by extracting streetscape characteristics from

the Baidu street-viewmap using the fully Convolutional Neural Network (CNN).

Based on these data, we utilize the geographically weighted regression (GWR)

model to scrutinize the spatially heterogeneous impact of the built environment

on PA. The results are summarized as follows: First, model comparisons show

that GWR models outperform global models in terms of the goodness-of-fit,

and most built environment factors have spatially varying impacts on cycling

and running activities. Second, the green view index restrains cycling activities in

general. In contrast, it has a wide-ranging and positive impact on running

activities while hampers them in the PA-unfriendly old town. Third, the sky view

index stimulates cycling activities in most areas. However, it has a mixed

influence on running activities. Fourth, the road view index widely promotes

cycling and running activities but hinders them in some areas of the old town

dominated by automobiles and under construction. Finally, according to these

empirical findings, we propose several recommendations for PA-informed

planning initiatives.
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Introduction

Urban public health issues have become a global obstacle to

sustainable human development (Haskell et al., 2007; Beaglehole

et al., 2011). For instance, the rampant communicable diseases

and the harsh urban environment severely hamper the physical

activity (PA) of urban residents and thus lead to non-

communicable diseases (NCDs), such as obesity, hypertension,

and anxiety (Haskell et al., 2007; Biddle and Asare, 2011; Bauman

et al., 2012; Koohsari et al., 2013). Numerous studies have shown

that PA, as a crucial determinant of the physical health of the

population, is widely influenced by the built environment (e.g.,

road density and green space area) (Sarmiento et al., 2010; Wang

et al., 2019). Therefore, many scholars are starting to or have

already called for public health-oriented urban planning, that is,

leveraging planning interventions to address public health issues

(Corburn, 2004). To this end, we must have sufficient knowledge

of the relationship between PA and the built environment.

The World Health Organization defines PA as all

movements, including running, cycling, sports, active

recreation, and play. It is considered an effective way to

alleviate urban public health issues (Haskell et al., 2007;

Beaglehole et al., 2011; Koohsari et al., 2013). Because the

right amount of PA can prevent and reduce NCDs and thus

helps improve health and well-being, as evidenced by The World

Health Organization and The American Disease Control and

Prevention.

The built environment refers to the man-made environment

with physical characteristics created by human activities. Existing

research has extensively explored the relationship between PA

and the built environment and reached mixed conclusions

(Ewing and Cervero, 2001; An et al., 2019). For instance,

some scholars reveal that built environment factors such as

sidewalks, bike paths, land-use mix, and low residential

densities promote PA and prevent childhood comorbidity,

whereas transit stops and high FAR hinder PA (Salvo et al.,

2014; Ma and Dill, 2015; Mertens et al., 2017; Chen et al., 2022a).

However, these studies largely suffer from the small sample size,

given they over-rely on self-reported questionnaires and

telephone surveys (Wang et al., 2019; Zhao and Wan, 2020;

Chen et al., 2022b). Besides, researchers widely adopt the

traditionally built environment factors (e.g., density and

diversity), which only reflect the amount and layout of

facilities (Lu et al., 2018a; Zhang et al., 2022). In contrast,

little attention has been paid to human-scale measurements

(Lu et al., 2019). In addition, many studies explored the

relationship between the built environment and PA from a

global perspective, i.e., examining the “average” correlation

across the space (Handy et al., 2002; Ma and Dill, 2015). But

it remains uncertain whether such correlation is spatially varying

and how.

To bridge these gaps, this study uses the GWR model to

scrutinize the relationship between PA and the built environment

and its spatial heterogeneity in Chengdu, China. To be specific,

we first use the Strava crowdsourcing data (a web platform that

people can upload and share their PA trajectories) to measure the

cycling and running activities at a grid cell level. Second, we

enrich the built environment evaluating system by introducing

novel human-scale streetscape indicators, such as the green view

index and sky view index (Lu et al., 2019; Koo et al., 2022). The

streetscape indicators can capture and reflect the scene seen by

pedestrians at eye level, which has more advantages than the

traditionally built environment, such as widely spatial

distribution and low data bias (Lu et al., 2018b; Du and

Huang, 2022). Finally, beyond the global modeling approaches

(e.g., the ordinary least square model and the binary logit model),

we utilize the geographically weighted regression (GWR) model

to decipher the heterogeneity and complexity of the impact of the

built environment on PA across space.

The remaining of this paper is organized as follows.

Literature review Section reviews the literature on the

relationship between PA and the built environment.

Methodology Section and Result Section show data sources

and the research methods. Discussion Section presents the

results of the OLS and GWR model. These results are

discussed in Conclusion Section. Data availability statement

Section summarizes the findings, puts forward some

suggestions for policymakers and urban planners, and

discusses the limitations of this study.

Literature review

The built environment has a wide and direct impact on the

PA of the inhabitants. Numerous scholars have researched PA

and the built environment and have demonstrated a high

correlation between them (Ewing and Handy, 2009; Sarmiento

et al., 2010; Ying et al., 2015; Yang et al., 2022a). The existing

studies focus on North America (e.g., Kansas, Massachusetts,

Cuernavaca, and Alabama), Oceania (e.g., Adelaide), and Asia

(e.g., Beijing, Shanghai, Nanning, and Hongkong). The research

scales mainly include city level, neighborhood level (Zhao and

Wan, 2020), and street level (Lu et al., 2018a). Table 1

summarizes some of the research on the relationship between

PA and the built environment.

However, previous studies have the following gaps. Most

research data on PA are generally derived from questionnaires,

telephone surveys, and travel trajectories of sports participants

(Forsyth et al., 2009; Sarmiento et al., 2010). But these suffer

from a small sample size, and thus existing studies describe PA

without using data from a larger spatial scale. Moreover,

numerous studies have reached inconsistent conclusions on

the impact of the built environment on PA due to the different

data samples and built environment factors. Remarkably,

researchers have used the traditionally built environment

measurement to extract the built environment factors from
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various data such as Geographic Information System (GIS)

data, POI, and satellite imagery data (Ding and Gebel, 2012; Yu

et al., 2022a). Using data in these studies are effectively

reflective of the number and spatial distribution of facilities

(e.g., parks and enterprises) and neglect the impact of the

human-oriented street on PA. In addition, previous studies

have commonly used global analysis models, such as the simple

econometric model, binary logit model, and multiple regression

model, to explore the impact of the built environment on PA

(Handy et al., 2002; Troped et al., 2010; Ma and Dill, 2015).

These studies enriched the researches on the relationship

between the built environment and PA, but ignored the

factors of spatial variation.

With the development of information and

communication technology, crowdsourcing data such as

Strava data emerged, which provides technical support for

measuring the spatial distribution of PA on large sample sizes

(Yang et al., 2022b). Moreover, many researchers have found

TABLE 1 Review of the research on PA and the built environment.

Reference Context Modeling
approach

Physical activity
data sources

Built environment
measures

Findings

Handy et al.
(2002)

Gainesville,
Florida

Simple econometric
model

Regional travel diary survey Land use patterns,
transportation systems, etc.

Land use patterns and
transportation systems help
increase PA.

Ma and Dill
(2015)

Kansas, the U. S Binary logit linear
regression model

A random phone survey Bicycle paths, bicycle lanes,
minor streets, etc.

Bicycle paths and minor streets
stimulate bicycling activities

Zhang et al.
(2022)

Beijing, China Spatial analysis Questionnaires in three typical
neighborhoods

Sidewalks, street safety, low-
rise housing type, etc.

Sidewalk quality and street safety
promote physical activity

Wang et al.
(2019)

Nanning, China Order Probity regression
model

The physical activity of
513 residents in urban green open
space

Accessibility, infrastruct-ures,
green space, etc.

Infrastructure, green space, and
recrea-tional facilities are
significantly associated with PA.

Troped et al.
(2010)

Massachusetts,
the U. S

Multiple regression
model

PA trajectories of 148 adults over
4 days

Intersection density, land-use
mix, etc.

Intersection density and land-use
mix increase PA.

Sarmiento
et al. (2010)

Bogotá,
Colombia

Logistic regression
multilevel model

The International Physical Activity
Questionnaire

Land-use heterogeneity; park
density, etc.

Land-use heterogeneity and park
density promote physical activity,
but transit stops hinder physical
activity

Heinrich et al.
(2007)

Kansas, the USA Multilevel regression
model

The survey from residents residing
in 12 public housing developments
and section 8 housing

Physical activity resources;
street connectivity, etc.

More activity resources, less
incivility, and greater street
connectivity increase physical
activity

Ying et al.
(2015)

Shanghai, China Hierarchical linear
model

From1100 residents aged 46 to
80 from 80 neighborhoods of
13 selected communities

Street connectivity; River
proximity, land-use mix, etc.

Street connectivity, river
proximity, garden, and land-use
mix have a positive correlation
with physical activity

Yang et al.
(2021b)

Hong Kong,
China

Linear regression and
GWR model

The Travel Characteristic Survey
2011 of Hong Kong

Street greenery, access to
recreational facilities, etc.

Street greenery has spatially
varying effects on seniors’ walking
time

Yang et al.
(2021a)

Hong Kong,
China

Machine technique,
(random forest)

The travel Characteristic Survey
2011 of Hong Kong

Green view index, population
density, etc.

The green view index stimulates
walking activities, but in a non-
linear way

Salvo et al.
(2014)

Cuernavaca,
Mexico

Linear regression model Activity traces of partici-pants
wearing Actigraph GT3X
accelerometers

Distance to park, bus
routes, etc.

Bus routes and parks are not
significantly associated with
physical activity

Zhao and Wan
(2020)

Beijing, China Multilevel regression
model

3,748 questionnaires High density; land use
diversity; walking-friendly
street design, etc.

High-density development, land
use diversity, and friendly street
design promote walking behavior

Duncan et al.
(2010)

Adelaide,
Australia

Generalized Linear
Model

Physical activity behaviors of
2,506 adults in 154 Census
Collection Districts

Land-use mix, etc. Land use mix is related to
pedestrian traffic

Lu et al.
(2018a)

Hongkong,
China

Multilevel mixed model The International Physical Activity
Questionnaire

Street network design, land-
use diversity, density, etc.

Land use mix restrains walking,
but positive impact on bus stops
and MTR.

Li et al. (2022) Bunkyo Ward,
Tokyo

The SW score predict-
ion model and the
logistic regression
analysis

A questionnaire of the walking time
source data

Vegetation, sky, and building
are calculated by the deep
learning model, etc.

Vegetation and sky harm walking,
and building promotes walking
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that streets play an important role in the promotion of

physical activities such as running and cycling (Lu et al.,

2018b; Yang et al., 2021a). One study reported that streets

with rich vegetation create an ecological running

environment and hence promote the PA of old people (Du

and Huang, 2022). Another study reported that eye-level

street greenery stimulates physical activity and thus

improves the health of residents (Lu et al., 2018a). These

researches use street view data which provide a large and

objective record of the streetscape. Therefore, we can use

semantic segmentation techniques to identify the street view

data and measure the streetscape attribute factors from the

human-scale view, which enriches the traditionally built

environment evaluating system (Yang et al., 2021b).

Furthermore, existing research on the correlation between

PA and the built environment focuses on the global analysis

of spatial elements, but many scholars in other research

directions of urban space have used the GWR model to

describe the local impact effects of spatial elements (Yang

et al., 2017).

Therefore, this study makes the following innovations to fill

these gaps. First, we measure the spatial distribution trajectory of

PA on a large sample size with the Strava crowdsourcing data.

Second, we increase the streetscape attribute factors from the

human-scale view calculated by semantic segmentation

techniques based on the traditionally built environment

evaluating system. Third, we use the GWR model to

scrutinize the spatial heterogeneity in the impact of the built

environment on PA.

Methodology

Study area

Chengdu is a mega-city gathering economy, politics, culture, and

ecology in western China. It is located in the middle of Sichuan

Province, with 102°54′–104°53′ East and 30°05′–31°26′North. By the
end of 2021, it has a total area of 14,335 km2 and 21.19million people.

Currently, it is pursuing the Park City and building 476 parks and

150 km of greenways to ameliorate the living environment of

residents and increase their motivation for outdoor activities.

Moreover, the urban spatial structure of Chengdu is divided by

ring roads such as the Third Ring Road. PA of central urban residents

is mainly concentrated in the areas within the Third Ring Road.

Therefore, this study chooses the area within the Third Ring Road as

the study area to scrutinize the correlation between the built

environment and PA (Figure 1).

Methods

Tobler’s first law reveals that most things are correlated in space;

especially, the closer things have the high spatial autocorrelation

(Tobler, 1970). Currently, models such as the OLS model and binary

logit models can only study the relationship between independent

variables and dependent variables from a global perspective, which

overlooks the mutual spatially varying impacts of elements.

Therefore, to improve the accuracy of the model and obtain more

“real” results, Brunsdon et al. (1996) proposed the GWR model to

FIGURE 1
The study area.
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explore the changes in elements in different spatial locations. GWR

model is the local analysis model, which mainly analyzes the spatial

heterogeneity of elements (Yang et al., 2020a; Yang et al., 2020b; Yu

et al., 2022b). It gives higher weight to adjacent elements at a certain

location and constructs different equations for elements at different

spatial locations. In this way, variables can be better fitted, and more

accurate results can be obtained (Yang et al., 2018; Liu et al., 2022).

The specific formula is as follows.

yi � ∑
k
βk(ui, vi)xk,i + εi (1)

where yi is the i-th variable of the dependent variable; k denotes

the number of independent variables; βk (ui,vi) is the geolocation
coordinates of the k-th point; and xk,i is the k-th independent

variable and the Gaussian error at location i. Figure 2 shows the

research framework of this paper.

Strava data

Strava, as a professional sports logging software, is

compatible with GPS logging devices such as sports watches

andmobile phones and can record people’s activity trajectories in

real-time. Moreover, it shares people’s monthly activity

trajectories as a heat map on its website (https://www.strava.

com/heatmap), which enables people to choose their routes when

traveling for sport. The Strava data have specific advantages, such

as highly accurate and large-scale data, over traditional

questionnaires and telephone surveys.

We collect cycling and running activity trajectories from the heat

map in Chengdu in December 2021.Moreover, the ChineseMinistry

of Housing and Urban-Rural Construction released an annual report

on road network density and traffic operation inmajor Chinese cities

in 2022, which stated that the average road density in Chengdu is

8.4 km/km2 and the street spacing is 250 m. Therefore, we divide the

study area into 250m × 250 m grids using the GIS tools. Meanwhile,

we use the raster to polygon tool in GIS to convert the heat map of

cycling and running (raster data), into feature data, with the value of

each feature representing the intensity of walking or cycling use.

Then, we use the intersection tool in GIS to link the cycling and

running heat map (feature data) to 250m × 250m grids of the study

area. Finally, we calculate the average value of the cycling index and

running index within each grid, for presenting residents’ activity

trajectories at the street level. Figure 3 illustrates the calculation of the

cycling and running index. The specific formulae used to calculate

them are as follows.

yk �
∑
n

i�1
Xi

n
(2)

Where yk is the cycling index and running index within the k-th

grid, Xi is the value of the i-th heat map feature within k-th grid, n

is the count of all heat map features in the k-th grid.

Figure 4 summarizes the different spatial distributions of

the running index and cycling index. The cycling index is

mainly distributed along the ring road, and it is lower in the

center and the northeast of the city. The running index is

mainly concentrated in the city center and the south of the

FIGURE 2
Research framework.
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city, while the northeast of the city has a lower running

index.

Street view data

The street-view map records the 360°streetscape provided by the

Baidu map (Li et al., 2022). It simulates human eye-level vision and

converts the landscape environment felt by them from planar digital

images to three-dimensional images, which restores the street space

of human-level travel. The street view data are collected by street visits

from cars equipped with GPS systems and panoramic cameras, and

four images will be collected for each street view point (i.e., divide

360°street view image of a street view point into 4 images according to

0–90°, 90–180°, 180–270°,270–360°). We collect Baidu map street

view data of Chengdumostly inMarch 2020, which covers the whole

study area. Figure 5 shows the distribution of these 11622 street view

data points.

Currently, numerous studies based on street view data use

semantic segmentation techniques (a deep learning technique

based on the fully Convolutional Neural Network (CNN))

(Ewing and Handy, 2009; Yin and Wang, 2016; Nagata et al.,

2020). After the operation of image pixels as required, it extracts

specific streetscape attributes (e.g., green view index, sky view

index, and road view index). In this study, these streetscape

attribute variables representing streetscape attributes are mainly

selected. Figure 6 reveals the calculation method of these

variables based on CNN.

Among them, the green view index and sky view index

respectively refer to the proportion of greenery pixels and sky

pixels in the 360°street-view map. These proportions represent the

green landscape or sky landscape felt by pedestrians during street

travel, which reflects the corresponding streetscape level. Moreover,

the road view index refers to the proportion of road pixels in the

360°street-view map, which represents the road space for pedestrian

travel and reflects the road construction level. The specific calculation

methods of the three variables above are as follows, where i is the i-th

images of this streetscape point.

Green view index �
∑
4

i�1
Greenery Pixelsi

∑
4

i�1
Total Pixelsi

(3)

Sky view index �
∑
4

i�1
Sky Pixelsi

∑
4

i�1
Total Pixelsi

(4)

Road view index �
∑
4

i�1
Road Pixelsi

∑
4

i�1
Total Pixelsi

(5)

Variables

Table 2 describes the statistics of the independent and

dependent variables. We use the cycling index and running

index as the dependent variables and select 10 independent

variables composed of control and explanatory variables. The

control variables are underpinned by the traditionally built

FIGURE 3
Illustration of the calculation of the cycling and running index in each grid.
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environment factors, and the explanatory variables consist of

streetscape factors from the human-scale view.

To scrutinize these independent variables, we use Python to

crawl POI data and river data from the Baidu map and then

connect them to the 250 m × 250 m grid using the spatial

connection tool in GIS. Thereafter, we calculate the land-use

mix, the number of companies, and the river line length in the

grid. Moreover, we crawl the building outline, building height,

and the spatial position of the bus station from the Gaode map,

and count the number of bus stations, road density, and FAR in

the grid. Finally, we utilize semantic segmentation techniques to

calculate the streetscape attribute variables (green view index, sky

view index, and road view index) for each street view data point.

Then, we calculate the average value of the streetscape attribute

variables for all street view data points in each raster, which is

taken as the value of the streetscape variables corresponding to

this raster.

Result

First, we analyze the pair-wise correlation of all independent

variables to detect the multicollinearity of variables. Figure 7

reveals that the variables have no multicollinearity

(correlation <0.7). Then, we use the OLS models to scrutinize

the global relationship between the variables and the running

index and cycling index. Table 3 presents the OLS model results.

The results indicate that most of the variables are significantly

correlated with the running index and cycling index at the 0.1%

level.

OLS modeling results

The following describes the control variables in the

running OLS model and the cycling OLS model. The OLS

FIGURE 4
Spatial distribution of the cycling index and running index from Strava data.
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model results of the cycling index demonstrate that FAR,

land-use mix, river line length, road density, and the number

of bus stations are significantly related to the cycling index

(most variables’ p-value < 0.01). However, green space areas

and the number of enterprises are insignificantly related to it.

Remarkably, only FAR is negatively associated with the

cycling index, and the other control variables are positively

associated with the cycling index (Duncan et al., 2010).

Moreover, the OLS model results of the running index

indicate that land-use mix, river line length, green space

area, number of bus stations, and number of enterprises

are significantly related to the running index (p-value <
0.01). However, FAR and road density are insignificantly

related to the running index. Incredibly, all of the control

variables positively impact the running index.

It is most important to describe the explanatory variables.

The results of both OLS models are shown that the green view

index, sky view index, and road view index are significantly

correlated with the cycling index and running index, and it is

consistent with the results of previous research (Lu et al., 2018b;

Lu et al., 2019; Du and Huang, 2022). Specifically, the green view

index is significantly related to the running index at the 1% level,

and the other variables are significantly related to the cycling and

running index at the 0.1% level. The abovementioned results

show that explanatory variables play a prominent role in the PA

of cycling and running, which enhances the rationality of this

FIGURE 5
Distribution of 11622 points of street view data.

FIGURE 6
Illustration of semantic segmentation techniques-based streetscape attribute variables calculation method.
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study. Interestingly, the different explanatory variables have a

different impact on the running index and cycling index. The

green view index has a negative impact on the cycling index and a

positive impact on the running index. The sky view index is

positively associated with the cycling index and negatively

associated with the running index. The road view index

promotes the cycling index and the running index.

Thereafter, we use Moran’s index to analyze the spatial

autocorrelation of the residual of the OLS models. The results

indicate that the Moran’s index values of the running index and

cycling index are 0.831 and 0.894, the Z-values are 234.773 and

259.446, and the p-value is less than 0.1% (Figure 8). It shows that

variables have a high spatial autocorrelation, but the OLS model

overlooks the spatially-varying relationships of variables. Thus,

the GWR model needs to be used to scrutinize the spatial

heterogeneity in the impact of the built environment on PA.

GWR modeling results

On the basis of the abovementioned analysis, we eliminate

insignificant variables in the OLS models and use the GWR

software (4.0) to analyze the impact of surplus variables on the

cycling and running index. Table 4 presents the GWR modeling

results. The results of the comparison between the OLS models

and the GWR models show that the Adj R-squared of the GWR

model is higher than the OLS models and the AIC index of the

GWRmodels is lower than the OLS models. In a word, the GWR

models outperform the OLS models in terms of the goodness-of-

fit, and this result agrees with our expectations.

The evidence-based result of both GWR modeling indicates

that the built environment has spatial heterogeneity in the impact

of the built environment on PA. In other words, all variables have

a different effect (i.e., positive or negative) on the cycling and

running index at different spatial locations.

Figure 9 shows the spatial distribution of the coefficient of

FAR, road density, green space area, and the number of

enterprises in the GWR models using GIS tools. First, a

negative correlation is found between FAR and the cycling

index, which is mainly distributed in the urban center.

Notably, in some areas near the Third Ring Road, the FAR is

a positive impact on the cycling index. In addition, road density

promotes the cycling index in the west, northeast, and southeast

of the city, but it harms the cycling index in the east-central

region of the city. Then, the green space area stimulates the

running index in the central, eastern, and southwestern parts of

the city. However, it inhibits the running index in a few parts of

the city, such as the south of the city. Moreover, the number of

enterprises restrains the running index in most areas of the third

Ring Road and has a positive effect in only a few areas.

Figure 10 shows the spatial distribution of the coefficient of

river line length, number of bus stations, and land-use mix in the

GWR models using GIS tools. River line length is positively

correlated with the running index in the central and eastern parts

of the city, but it is negatively correlated with the running index

in the northwest, south, and eastern edge of the city. Most areas

of the river line length are positively correlated with the cycling

index, but the river line length in some regions harms the cycling

index. Moreover, most bus stations have a positive impact on the

cycling index, and only a few areas in the northwest, southwest,

TABLE 2 Descriptive statistics of the variables.

Variables Before Z-score normalization After Z-score
normalization

Std Mean Min Max Min Max

Dependent variables

Cycling index 105.498 29.709 49 203.074 −1.902 3.284

Running index 82.928 29.764 49 196.555 −1.14 3.818

Independent variables

Control variables FAR 0.808 0.646 0 18.803 −1.252 27.865

Land-use mix 0.697 0.275 0 1.087 −2.532 1.414

River line length (km) 0.043 0.096 0 0.626 −0.442 6.054

Road density (km/km2) 1.915 1.194 0 6.632 −1.604 3.949

Green space area (ha) 0.248 0.866 0 6.25 −0.286 6.93

Number of bus stations 0.392 0.609 0 4 −0.643 5.927

Number of enterprises 3.294 4.124 0 31 −0.799 6.719

Explanatory variables Green view index 0.217 0.159 0 0.882 −1.359 4.175

Sky view index 0.298 0.159 0 0.681 −1.875 2.417

Road view index 0.161 0.065 0 0.452 −2.474 4.498
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FIGURE 7
Pair-wise Correlation analysis results.

TABLE 3 OLS modeling results.

Variables Cycling index Running index

Coef St.Er t-statistic p-value Coef St.Er t-statistic p- value

FAR −0.031** 0.014 −2.21 0.027 0.003 0.015 0.22 0.826

Land-use mix 0.2*** 0.016 12.21 0.000 0.175*** 0.017 10.38 0.000

River line length 0.074*** 0.015 5.07 0.000 0.122*** 0.015 8.15 0.000

Road density 0.064*** 0.014 4.39 0.000 0.000 0.015 0.02 0.987

Green space area 0.022 0.015 1.53 0.126 0.113*** 0.015 7.50 0.000

Number of bus stations 0.12*** 0.015 8.12 0.000 0.052*** 0.015 3.40 0.001

Number of enterprises 0.006 0.016 0.38 0.701 0.073*** 0.016 4.49 0.000

Green view index −0.138*** 0.016 −8.76 0.000 0.028* 0.016 1.70 0.089

Sky view index 0.062*** 0.017 3.70 0.000 −0.082*** 0.017 −4.74 0.000

Road view index 0.167*** 0.016 10.34 0.000 0.081*** 0.017 4.90 0.000

R-squared 0.1563 0.1050

Adj R-squared 0.1544 0.1029

Akaike crit 11554.267 11809.725

Number of Obs 4,323

***p < 0.01, **p < 0.05, *p < 0.1.
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and northeast of the city have a negative effect. However, it

promotes the running index, especially in urban centers such as

Tianfu square, and harms it in the northwest and northeast of the

city. Furthermore, land-use mix stimulates the running index in

the urban center (Duncan et al., 2010), especially Chunxi Road

and other urban consumption centers. It inhibits the running

index in the areas under reconstruction in the south and the old

town in the northwest of the city. By contrast, land-use mix

FIGURE 8
Moran’s index results.

TABLE 4 GWR modeling results.

Variables Cycling index Running index

Mean Std Min Median Max Mean Std Min Median Max

FAR −0.049 0.098 −0.413 −0.040 0.205 — — — — —

Land-use mix 0.137 0.139 −0.214 0.126 0.569 0.035 0.181 −0.745 0.024 0.650

River line length 0.076 0.086 -0.323 0.071 0.306 0.111 0.216 −0.449 0.074 0.800

Road density 0.044 0.100 −0.214 0.048 0.350 — — — — —

Green space area — — — — — 0.118 0.259 -0.687 0.090 2.099

Number of bus stations 0.132 0.088 -0.074 0.128 0.383 0.041 0.114 -0.293 0.035 0.811

Number of enterprises — — — — — −0.094 0.232 −1.499 −0.090 1.477

Green view index −0.125 0.087 −0.344 −0.129 0.136 −0.005 0.147 −0.868 −0.002 0.590

Sky view index 0.069 0.118 −0.204 0.072 0.357 0.045 0.182 −0.468 0.011 1.115

Road view index 0.208 0.154 -0.074 0.183 0.642 0.055 0.152 −0.870 0.050 0.613

R-squared 0.353 0.690

Adj R-squared 0.296 0.623

Akaike crit 11081.715 8738.663
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stimulates the cycling index in most regions and restrains it only

in central and southern cities.

Figure 11 shows the spatial distribution of the coefficient of

green view index, sky view index, and road view index in the

GWR models using GIS tools. First, the green view index harms

the cycling index in most regions. It promotes the cycling index

in only a few areas, such as the urban center and some point areas

in the eastern part of the city. Remarkably, it facilitates running

index in the central, southern, and southeastern parts of the city,

while it restrains running index in the northwestern and south-

central parts of the city. Second, the sky view index is positively

correlated with the cycling index in the central, western, and

southern areas of the city. It is negatively correlated with the

cycling index in the north and northeast of the city. Meanwhile, it

stimulates the running index in the western and central areas of

the city and harms the running index in most areas in the eastern

part of the city. Third, the road view index has a positive impact

on the cycling index except for a few areas. It is also positively

correlated with the running index in the eastern and

southwestern parts of the city.

These results indicate that different built environment

variables have spatially varying influences on the cycling and

running index, especially the green view index, sky view index,

and road view index. Therefore, compared with the global

analysis results of the OLS model, the GWR model can more

accurately identify the positive or negative effects of the built

environment on PA in different spatial locations. Thus, it will

provide support for policymakers and urban planners to put

forward more accurate recommendations. This aspect is the

practical significance of this study.

Discussion

Control variables in the cycling index GWR
model

First, in terms of FAR, it inhibits the PA of cycling in most

areas, such as Fuqing and Nijiaqiao. This contradicts the results

of previous studies. Compared to the living habits of residents in

FIGURE 9
The spatial distribution of the coefficient of FAR, road density, green space. Area, and the number of enterprises in the GWR models.
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Europe and the United States, people have different feelings in

Chengdu about high-density development. The reason is that

residents in Chengdu have a laid-back attitude to life, but a high

FAR produces a relatively crowded environment, which leads to a

decrease in cycling activities.

Second, the land-use mix greatly promotes the generation

of cycling activities in the northern and central areas of the

city. This finding may be ascribed to the diverse

characteristics of these areas, such as commercial, public

service, residential and other facilities. This conclusion is

supported by New Urbanism, i.e., the land-use mix stimulates

the physical activities of residents (Newman and Kenworthy,

1996). However, in areas such as Tongzilin and Sichuan

University, there are obstacles to the PA of cycling, due to

FIGURE 10
The spatial distribution of the coefficient of river line length, the number of bus stations, and land-use mix in the GWR models.
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the closed space and inability to communicate with the

outside world.

Third, existing studies have shown that road density has a

positive correlation with cycling activities. However, our finding

diverges from this conclusion. While road density facilitates

cycling activities in most areas, it has a dampening effect in

some areas. The evidence-based result indicates that there are

serious problems of mixed traffic between motor vehicles and

non-motor vehicles and low road quality in some old towns of

Chengdu (e.g., Xinhong community and Jianshe Road). These

issues may lead to traffic accidents and thus reduce the

enthusiasm for cycling activities.

Fourth, the river line length in some areas hinders cycling

activities, such as Yipintianxia and Taipingyuan. We think this

FIGURE 11
The spatial distribution of the coefficient of green view index, sky view index, and road view index in the GWR models.
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situation is due to the absence of suitable cycling paths built along

the river, while the bicycle paths in Chengdu are mainly

distributed along the greenway.

Fifth, bus stations in most regions have a positive impact on

the PA of cycling, such as Wannianchang and Qingyanggong,

which contradicts the conclusion of Zhao (2013) and Salvo et al.

(2014). This difference may be related to the widespread use of

shared bikes in China. About 1.85 million rides are taken on

shared bikes a day in Chengdu, according to the Regulations on

Operation and Service of The City’s Internet Bike Rental Industry.

During work, weekends, or holidays, residents usually ride shared

bikes to reach their travel destinations after taking the bus.

Control variables in the running index
GWR model

First, many studies have revealed from a global perspective

that land use mixing either only promotes or inhibits running

activities (Handy et al., 2002; Troped et al., 2010; Lu et al., 2018a).

However, unlike the above studies, we found that those have

mixed, that is, positive and negative, both impacts at different

spatial locations. Although the areas with a high land-use mix

have diversified facilities, the facilities and surrounding

environment may be polarized due to the government’s

different governance policy, old-fashioned design, and

loopholes in maintenance policies. These factors have mixed

impacts on running activities.

Second, river line length can significantly promote the PA of

running in most areas, which is consistent with (Ying et al.,

2015). However, compared with other cities that have a relatively

complete blue and green infrastructure, the Park City

implemented by Chengdu is still under construction. As a

result, the effect may be hindered in some areas with a poor

running environment along the river, such as Yiguanmiao,

Huazhaobi, and Shizishan.

Third, most green space areas stimulate running activities.

However, some areas with rich green space resources harm

running activities, such as closed universities and large public

activity places (i.e., Sichuan University and Sichuan Gymnasium),

which block the connection between green space and surrounding

residents. This partially differs from the findings of many researchers

who found that green space area facilitates running activities (Wang

et al., 2019). This is because most of them use global analysis models

to explore and lack local analysis. In contrast, the GWR model can

more accurately identify the relationship between the effects of

spatially varying. It makes this study more reasonable.

Fourth, compared to the conclusion of Sarmiento et al.

(2010), there is a negative correlation between bus stations

and running activities. This study found a mixed effect

between the two, which may be related to the living habits of

Chinese residents. They often use running as a way to connect

with buses, and it improves the enthusiasm for running activities.

Fifth, contrary to the results of some studies that enterprises

promote running activities (Yang et al., 2022b), in most areas,

such as Shuhan Road and Balizhuang, enterprises harm running

activities. It may be attributed to the job-housing imbalances

among Chengdu residents. The long commutes caused by this

imbalance cause difficulty for residents to reach the office directly

on foot. As a result, they generally choose some other means of

transportation.

Explanatory variables in the cycling index
GWR model

First, the green view index generally restrains the PA of

cycling. But previous studies have shown that the green view

index plays an important role in increasing residents’ cycling

activities (Lu et al., 2019). We believe that this difference is

related to the characteristics of each study area. Compared to

some other studies, a large number of old towns exist in the Third

Ring Road of Chengdu. It has a high green view index but blocks

the view and sunlight, thus leading to an unsuitable cycling

environment. In addition, the green view index also stimulates

cycling activities in some areas (e. g., Kuanzhaixiangzi Alleys and

Chengdu Bus terminal). Through the field survey of positive

correlation areas, we find that the level of street greenery in these

areas is too low, which may mean that basic green plants also are

required to create a comfortable cycling environment. In other

words, if the standard of basic street greenery is met, then a

further increase in the green view index will hinder cycling

activities.

Second, the sky view index in most areas has a positive

correlation with the PA of cycling. This finding resonates with

conclusions in color psychology that blue is thought to be

associated with comfort and security, giving people a sense of

safety (Wexner, 1954; Ballast, 2002). The sky view index has to do

with the need for broad vision and sun exposure for cycling,

which can make cyclists feel free, comfortable, and secure.

However, we also find that some areas are obstructing cycling

activities, especially in the north and northeast of the city (e.g.,

North Railway Station and Jianshe Road). Through specific

investigation and analysis, we discover that these areas belong

to the area to be demolished. There are problems such as empty

streets, dilapidated facades, and a poor overall environment, thus

hindering cycling activities.

Third, the road view index stimulates the PA of cycling in

most areas. This may be because the calculation using the

semantic segmentation techniques can only contain all the

paths (including bicycle paths) in the area in the road view

index, which leads to a significant positive correlation between

the road view index and cycling activities. However, a few areas

restrain cycling activities with unequal distribution of road rights.

In other words, the unreasonable allocation of road rights and

low sharing squeeze the cycling space (Lubitow and Miller, 2013;
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Colville-Andersen, 2018). These areas are mainly located near

Daguan Station and East Chengdu Railway Station. A field survey

of the streets in this area reveals that large-scale construction is

taking place in it, and the road is not demarcated for bicycle

paths. This makes it impossible for people to cycle safely and also

suffer from noise and construction waste in this process.

On the whole, the GWR model results of the cycling index

reveal the spatial mismatch problem in the Third Ring Road of

Chengdu. This is highly correlated with the rapid development of

new urban areas leading to neglect in the management of old

towns. Chengdu has been expanding outward at a high rate of

speed for the past 10 years but has overlooked the renewal and

maintenance of the old towns. We discover the areas where the

green view index, sky view index, and road view index restrain

cycling activities are mainly concentrated in the north and

northeast. These are mostly PA-unfriendly areas to be

demolished or old urban areas, such as North Railway Station

and Chengdu Bus Terminal.

Explanatory variables in the running index
GWR model

First, the results indicate that the green view index is

positively correlated with the PA of running in some areas

(e.g., Dufu Thatched Cottage, Wukuaishi), and this conclusion

resonates with the findings of Koo et al. (2022) and Du and

Huang (2022). The reason is that the tree shade can give people a

sense of security and thus stimulate the resident’ travel. However,

although green is generally regarded as an important indicator

for arousing activities (Kaya and Epps, 2004; Bell et al., 2008;

Nagata et al., 2020), a different result is found in this study, in

which the green view index inhibited running activities in other

areas. A field survey of the negatively related areas (e.g.,

Chadianzi, Shuangqiao community, and Simaqiao

community) reveals that these areas are PA-unfriendly old

town areas. These areas have more greenery, but it lacks

overall maintenance (e.g., trees grow indiscriminately without

not being pruned). This situation results in the formation of

street spaces in the area that is not suitable for running activities.

Second, the sky view index inhibits running activities in most

areas, such as Wannianchang and Dongjiao Memory, and this

result resonates with numerous studies (Ewing and Handy, 2009;

Yin andWang, 2016; Nagata et al., 2020). The reason may be that

a higher sky view index results in stronger solar exposure and

those open areas can be unsuitable for PA. On the contrary, in

some areas, the sky view index promotes running activities, and

we believe that it is seasonally and weather-related. Specifically,

the Strava data were collected during the winter of 2021 in

Chengdu. It had only 5 sunny days in December

2021 compared with the relatively long winter sunshine hours

in major cities such as Beijing, New York, and Washington.

Therefore, areas with a basic sky view index in Chengdu during

lack of sunshine bring comfortable sun exposure on sunny days

in winter, which stimulates running activities among residents.

Third, on the whole, the road view index is a positive impact

on the running index in most areas. In our opinion, the road view

index represents the construction level of the street, and streets

with a higher construction level will be equipped with more

suitable walking paths. In addition, a field survey of negatively

related areas (e.g., Wenshu Monastery and Huaxiba) reveals that

these areas with a high road view index are designed by the car-

oriented. But they ignore that urban design should pay more

attention to people-oriented design and the equity of walking

rights (Jacobs, 1961; Bevan et al., 2007). In general, the space

allocation for walking, cycling, and driving in these areas is not

reasonable, and the design method of street space is not well used

to enhance the rights and interests of pedestrians. This situation,

as well as the lack of management of roadside facilities in the old

town, inhibits running activities.

Overall, the running index of the GWRmodel result reveals a

similar spatial mismatch problem as the results of the cycling

index of it. We discover that most of the areas where the green

view index, sky view index, and road view index restrain running

activities are old towns or areas under construction, such as

Shuangqiao Community, Shengxian Lake, Qianfang Road, and

Lijiatuo.

Conclusion

Planning intervention is considered an effective way to solve

urban public health issues. Optimizing the built environment

through planning intervention can tremendously promote PA.

Therefore, it is necessary to scrutinize the relationship between

the built environment and PA to inform the public health-

oriented urban planning process. However, previous studies

over-rely on data derived from questionnaires and surveys,

which suffer from small sample sizes. And researchers focus

predominantly on the traditionally built environment factors and

seldomly measure them from the human-scale view. Meanwhile,

existing studies neglect the spatial heterogeneity in the impact of

the built environment on PA. To address these gaps, we use the

novel PA crowdsourced data, i.e., the Strava, to decipher the

spatially-varying relationships between the built environment

and PA. Specifically, we examine how human-scale streetscape

attributes affect PA across different areas after controlling for

traditionally built environment variables. The empirical findings

are conducive to providing guidance for optimizing the urban

built environment, promoting PA of residents, and thus

addressing the urban public health issues.

The core findings of this study are as follows. First, most built

environment factors have spatial heterogeneity, and the GWR

model can help better explain the spatial heterogeneity in the

impacts of the built environment on PA. In other words, control

variables (e.g., land-use mix, river line length, and road density)
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and explanatory variables (e.g., green view index, sky view index,

and road view index) have wide and mixed impacts on PA across

different areas.

More importantly, this study focuses on the impacts of

human-scale streetscape factors (explanatory variables) and

draws the following findings. 1) In general, the green view

index restrains cycling activities. But in the area with a low

green view index, appropriately increasing the green view index

will promote cycling activities. By contrast, it stimulates running

activities. However, there are exceptions in some areas of the old

town, of which the street space has low-level streetscape greenery

and lacks renewal and maintenance. 2) The sky view index is

positively correlated with cycling activities. A high sky view index

represents a broad vision for cycling, which improves safety. In

addition, the sky view index has mixed impacts on running

activities. 3) The road view index stimulates cycling and running

activities, given a high road view index means a higher level of

road construction. However, it restrains PA in the old towns

dominated by cars and slated for demolition. According to the

above, we identify the spatial mismatch issue in the study area.

The sky view index and road view index in the north and

northeast of the city, in which the demolished old towns

locate, hinder cycling activities. Meanwhile, most of the areas

with negative impacts of human-scale streetscape factors on

running activities belong to old towns or areas under urban

construction (e.g., Shuangqiao Community, Shengxian Lake,

Qianfeng Road, and Lijiatuo).

Therefore, according to the above findings, this study puts

forward policy suggestions and planning intervention measures

as follows.

First, while building a Healthy City and Park City, the

government should vigorously develop blue and green

infrastructure and rationally allocate urban green space and

water landscape. At the same time, the greenways (e.g.,

cycling paths and walking paths) of the riverside area and the

green space system should be ameliorated to promote the PA of

residents and improve their physical health.

Secondly, for the old town with a high land-use mix but

unfriendly to PA (e.g., Chadianzi and Tongzilin), the planning

agencies should promote the update of the active travel facilities

and the fine-scale design to shape the active travel-friendly

community.

Third, street space is the major place for the PA of residents.

Planning agencies should put forward active intervention

measures for the built environment based on the actual

situation of community streets. Above all, for the old town

with high demand for running activities, the level of street

greening should be promoted, and more walkable green plants

should be configured to improve the comfort and interest of

residents. Moreover, in communities with more cycling activities,

relevant administrative departments should timely repair street

landscapes, provide enough broad vision for cyclists, and

promote the safety of cycling activities.

Fourthly, in terms of road and public transport

construction, planning agencies should optimize street

space design, appropriately increase road density, and

rationally allocate bus facilities according to the location

and current characteristics of the community. In the old

town with a high road view index but non-suitable for PA,

the reasonable distribution and moderate sharing of the three

road rights of walking, cycling, and driving, should be

strengthened. For instance, the cross-section design of

street space is necessary to realize the benign adaptation of

street space and residents’ activities. In addition, in

communities with high demand for PA, relevant planning

departments should build more branch roads and walking

roads to perfect the basic road network structure to improve

the density and accessibility of the community road networks.

This contributes to creating a continuous and complete

environment for active travel.

However, this study also has some limitations. First, due to

difficulties in data acquisition, built environment factors such as bike

paths and sidewalks cannot be included in this study. Secondly,

explanatory variables measured by semantic segmentation

techniques at the human scale view can be further explored, such

as aspect ratio and sidewalk index. Finally, the explanatory variables

measure streetscape attributes from the objective perspective.

However, just like Kang et al. (2020), a questionnaire survey can

be appropriately conducted to analyze the subjective perception of

people on different streetscape maps. And then, more reasonable

streetscape variables can be obtained by combining subjective

perception with objective perception.
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