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1  |  INTRODUC TION

Exposure to the urban vegetation (greenspace) is beneficial to resi-
dents' well-being (Chan & Liu, 2018; Liu, Wang, et al., 2020; Sarkar 
et al., 2018; Song et al., 2020; Ugolini et al., 2021; Wang & Lan, 2019; 
Wu et al., 2021; Xie et al., 2018; Zhong et al., 2020) through several 
underlying channels at work such as facilitating capacities, prevent-
ing pollution harms and restoring capacities (Markevych et al., 2017; 

Nieuwenhuijsen et al.,  2017). First, urban vegetation can not only 
encourage residents to take more physical activity but also increase 
their neighbourhood social cohesion, both of which are beneficial for 
well-being (Guo et al., 2021; Mao et al., 2021; Sugiyama et al., 2008; 
Wang et al., 2019). Second, previous studies pointed out that urban 
vegetation can prevent the negative effect of pollution harms such 
as heat (Son et al., 2016), noise (Jang et al., 2015), and air pollution 
(Jiang et al.,  2019; Wang et al.,  2019). Last, urban vegetation also 
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Abstract
Many studies have disentangled the perceived benefits of vegetation on subjec-
tive well-being (SWB). Yet, scant attention has been paid to the joint effect of veg-
etation and building density on SWB. This study explores the relationship between 
streetscape vegetation (SV), building density and SWB in Beijing, China. Our analysis 
relies on rich measures of street view data to assess SV exposure at the neighbour-
hood level. Notably, we distinguish between trees (SV-tree) and grasses (SV-grass) 
when evaluating SV metrics. The results suggest that streetscape trees and grasses 
are positively associated with SWB, though estimated effects are dependent upon 
tree and grass density exposures. We also find that the effects of streetscape trees 
and grass are moderated by building density in the neighbourhood. Additional decom-
position analysis provides the insight that the well-being implications of street veg-
etation and building density are varied significantly by individual sociodemographic 
characteristics such as sex, age and income. The findings of this study suggest the 
importance of considering density in SV planning and land use policies to enhance 
people's quality of life.
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helps residents restore their capacities due to its restorative fea-
tures such as compatibility and fascination (Kaplan, 2001). In recent 
years, some studies found that different urban vegetation (i.e. trees 
vs. grasses) may have different impacts on residents' well-being 
(Astell-Burt & Feng, 2019; Reid et al., 2017; Wang et al., 2019). For 
example, Astell-Burt and Feng (2019) found that the tree canopy is 
associated with better mental well-being and health, whilst exposure 
to grass is associated with higher prevalent psychological distress. 
Reid et al.  (2017) pointed out that tree density is related to better 
self-reported health, but grass density is not. Wang et al.  (2019) 
indicated that streetscape trees and grasses benefit mental health 
through several mechanisms (e.g. decreasing perceived and objec-
tively measured air pollution).

Street vegetation has been recognised as an important form of 
urban vegetation for influencing residents' well-being (Liu, Wang, 
et al., 2020; Liu, Zhang, et al., 2020; Wang et al., 2019). Yet, it has 
received less attention than other large green infrastructures 
such as parks due to data and methodological limitations (Wang 
et al., 2019). Also, whether different types of street vegetation (e.g. 
trees vs. grasses) may have heterogeneous effects on well-being is 
still unclear (Wang et al., 2019). Most previous studies assess street 
vegetation through remote sensing images (Li et al., 2016) or field 
audit (Sugiyama et al., 2008). Remote sensing images can provide the 
distribution of street vegetation on a large scale, but it usually does 
not include small street vegetation and may not be applied for places 
where high-resolution remote sensing images are unavailable (Wang 
et al.,  2019). On the contrary, the field audit method can include 
small street vegetation, but it is usually time-consuming and labour-
intensive which prevents it from being applicable to a large study 
area (Wang et al.,  2019). In recent years, more and more studies 
begin to use street view images along with machine learning meth-
ods for assessing street vegetation (Li et al., 2016; Liu et al., 2019). 
This new method is more efficient than field audit and can include 
more small street vegetation than remote sensing images. Hence, it 
can also identify different street vegetation (i.e. grasses and trees) 
with an appropriate training dataset, so it may be a better method 
for assessing street vegetation than remote sensing images and field 
audits, especially in a large and dense neighbourhood.

Building density is an important component of the neighbour-
hood environment in influencing residents' well-being (Perini & 
Magliocco, 2014). There is a growing awareness amongst scholars 
that living in a neighbourhood with higher building density may have 
influence on residents' well-being through several pathways (Chan & 
Liu, 2018). First, building density may increase pollution harms such 
as heat, noise and air pollution within the neighbourhood which are 
all harmful to residents' well-being (Guedes et al.,  2011; Niachou 
et al., 2008). For example, high neighbourhood building density may 
block the wind and lower its speed, resulting in the heat island effect 
which increases the temperature (Mirzaei et al., 2012). Hence, high 
neighbourhood building density also increases the level of atmo-
spheric pollutants, since it has influence on the shape of the street 
canyon and the dispersion of atmospheric pollutants (Theodoridis 
& Moussiopoulos,  2000). The second domain of pathway linking 

building density to well-being is associated with the use of open-
space (Azad et al.,  2018). Residents living in high neighbourhood 
building density have less public openspace which may decrease 
their outdoor physical activity and increase the prevalence of differ-
ent kinds of chronic diseases (Azad et al., 2018). The last domain of 
the pathway is associated with the mental stress caused by crowd-
ing (Ho et al.,  2008; Saarloos et al.,  2011; Wiesenfeld,  1987; Xue 
et al., 2016). A plethora of studies has documented that living in a 
crowded environment may increase residents' anxiety and depres-
sion since they get less private space and more feeling of tension in 
a dense environment (Saarloos et al., 2011).

Our research has four contributions. First, this study adds to 
the literature on the association between streetscape vegetation 
(SV) and subjective well-being (SWB) and further distinguishes 
the effect of different SV (grasses vs. tresses). Most previous 
studies measured urban vegetation (greenspace) based on satel-
lite images (Li et al., 2016). However, recent studies showed that 
this method may ignore the effect of street-level small vegetation 
(Li et al., 2016). Therefore, our research can improve our under-
standing of vegetation-SWB association by further taking SV 
into account. Second, it enhances our knowledge of the building 
density-SWB association in developing countries. Taking a dense 
city in China as an example, this study measures building density 
based on the plot ratio. In China, due to the rapid urbanisation, 
the population has increased dramatically in a metropolis such as 
Beijing and Shanghai (Zhang & Song, 2003). Therefore, the building 
and population density in China's metropolitan areas (e.g. Beijing) 
is much larger than in most western countries. Third, it further 
identifies the joint effect of both SV and building density on SWB. 
Whilst a plethora of studies has disentangled the independent ef-
fect of vegetation on well-being, scant attention has been paid to 
the modified effect of building density (He et al., 2022). A recent 

What is known about this topic?

•	 Green space serves as an important factor in relation to 
subjective well-being.

•	 The association between green space and subjec-
tive well-being varies across different neighbourhood 
contexts.

•	 In previous studies, general green space were re-
searched in higher proportions, whilst streetscape veg-
etation received less attention.

What this paper adds?

•	 Both streetscape trees and grasses are positively associ-
ated with subjective well-being.

•	 The association between streetscape vegetation and 
subjective well-being is moderated by building density.

•	 The effect of streetscape vegetation is more beneficial 
for disadvantaged groups.
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study found that the effect of greenspace on life satisfaction is 
moderated by urban density, since people's use of greenspace may 
vary across different density contexts (He et al., 2022). This is par-
ticularly important in the Chinese context, where neighbourhood 
building density is extremely high. Last, heterogeneous effects 
of different socioeconomic levels for different SV (grasses vs. 
tresses) are also explored.

2  |  METHODOLOGY

2.1  |  Data

This study was based on the data of a survey conducted in 2013 
in Beijing. The data were collected using a multi-stage strati-
fied PPS (probability proportionate to population size) sampling 
method. First, residential neighbourhoods from the districts of 
Beijing were selected (Figure  S1). Second, sampled households 
from each neighbourhood were chosen. Last, we randomly chose 
one adult household member from each household based on the 
Kish Grid method as a respondent. Recent studies have shown 
that the respondents in this survey are representative of the pop-
ulation in Beijing based on census data (Wu, Chen, et al., 2020; 
Wu, Dong, et al., 2020). The survey yielded a total of 5105 valid 
respondents.

2.2  |  Dependent variable

Following previous studies (Campbell et al., 1976), SWB in this study 
was measured by a single question. The respondents were asked 
‘how do you feel about the current state of your life’. The answered 
item was scored using a five-point scale ‘1 = very unhappy, 2 = un-
happy, 3 = general, 4 = happy, 5 = very happy’. We regarded ‘very 
unhappy’ and ‘unhappy’ as low SWB whilst ‘general’, ‘happy’ and 
‘very happy’ were regarded as high SWB. We did not treat it as an 
ordinal variable, since using ordinal logistic regression usually vio-
lates the parallel lines assumption (Agresti, 2003).

2.3  |  Independent variable

2.3.1  |  Streetscape trees and grass exposure

We used street view images to assess neighbourhood streetscape 
greenness exposure. We collected the street view image from 
Tencent Map following previous studies (Wang et al., 2019, 2021). 
Street view sampling points were constructed 100-m apart based on 
the road network from OpenStreetMap (Haklay & Weber, 2008). For 
each sampling point, we collected street view images from four de-
grees (0, 90, 180 and 270), as suggested by previous studies (Wang 
et al., 2019). In total, we collected more than 0.2 million street view 
images from 55,715 sampling points.

Previous studies show that streetscape trees and grasses have 
different influences on residents' well-being since streetscape trees 
have a stronger effect on mitigating air pollution than grasses (Wang 
et al., 2019). Therefore, we calculated both SV-trees (SV-tree) and 
SV-grasses (SV-grass) exposure based on street view images and a 
machine learning approach. Since street view data was collected 
within participants' residential neighbourhood, SV can reflect 
people's daily and visual streetscape greenness exposure (Wang 
et al., 2020). First, we trained a fully convolutional neural network 
(FCN-8s; Kang & Wang, 2014) based on an online ADE20K anno-
tated images data set (Zhou et al.,  2019) for semantic image seg-
mentation. Second, after the training process, the accuracy of the 
FCN-8s was 0.825 and capable of identifying trees and grasses at 
an acceptable level. Following previous studies (Wang et al., 2019), 
SV-tree and SV-grass per sampling point were determined as the 
proportion of tree or grass pixels per image to the total number of 
pixels per image. We calculated the SV-tree and SV-grass for each 
neighbourhood by averaging the SV-tree and SV-grass scores for all 
sampling points within 1000-metre circular buffers around the cen-
troid of each targeted neighbourhood.

2.3.2  |  Building density

We used the plot ratio (total floor area/net land area) to assess build-
ing density in ArcGIS version 10.2. First, residential building density 
data were collected from city planning documents via the urban data 
group (cheng shi shu ju tuan), a leading data media platform in China 
(https://www.metro​data.cn/). This data provide information on the 
number of floors and the total floor area for each building. Second, 
the net land area for each neighbourhood was calculated. Last, the 
plot ratio (the total area of all buildings in the targeted neighbour-
hood/net land area of the targeted neighbourhood) was calculated 
for each neighbourhood based on the ‘spatial join’ command in 
ArcGIS.

2.4  |  Covariates

Following previous studies (He et al., 2022; Wang et al., 2020), we 
also controlled some socioeconomic, demographic and environ-
ment covariates. Socioeconomic covariates include homeowner-
ship (homeownership vs. non-homeowner), household income 
(<4999 RMB per month vs. >5000 and <14,999 RMB per month 
vs. >15,000 RMB per month), educational attainment (high school 
level and below vs. above high school level), employment status 
(employed vs. others) and hukou status (local hukou vs. none-local 
hukou). Demographic covariates include gender (male vs. female), 
age (<39 years old vs. >39 and <60 years old vs. >60 years old) and 
marital status (married vs. others). We also included several built 
environment indicators including distance to the nearest park (km), 
distance to the nearest tertiary A-level hospital (km), and distance 
to the nearest subway (km). The information on built environment 

https://www.researchgate.net/publication/328153680_Associations_between_Body_Mass_Index_and_Urban_Green_Streetscape_in_Cleveland_Ohio_USA?_sg=VxgH37u1a4l5F1ZMQmWy3dedHFJZNziia49o6UUH8NS4GchYlPxxcEya_7Boojnx2bERNyZ_TwDhCTX-ZrQ6iT-4NadW_2UMts-CMXse.qMykg13-SMnpFJT8Wrq7ydheau7loLH9giygFagtG_cjgtS6GHgzmFJdAs2rh7wvczC0_F8T0VusOGgpRqbIMA
https://www.metrodata.cn/
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indicators was also collected in 2013. All of the descriptive statistics 
are presented in Table 1.

2.5  |  Statistical analysis

We used the multilevel logistic regressions (Raudenbush & 
Bryk, 2002) to examine the associations amongst SV-tree, SV-grass 
and the likelihood of reporting low SWB. In the models, individuals 
at Level 1 were nested within neighbourhoods at Level 2. Variance 
inflation factors (VIF = 1.53) suggested no severe multicollinearity 
amongst the independent variables. We used moderation analysis to 
explore the interaction term between SV-tree (SV-grass) exposure 
and plot ratio. First, we regressed respondents' odds of reporting 
low SWB on the SV-tree (SV-grass) exposure and plot ratio (Model 
1). Second, the interaction term between SV-tree exposure and plot 
ratio was added to Model 1d (Model 2). Last, the interaction term 
between SV-grass exposure and plot ratio was added to Model 1d 
(Model 3). We mainly focused on the direction and significance level 
of the interaction term. If the direction of the interaction term is 
the same as streetscape greenness exposure, then it means the 
effect of streetscape greenness exposure increases with building 
density. However, if the direction of the interaction term is the op-
posite of streetscape greenness exposure, the effect of streetscape 
greenness exposure decreases with building density. Existing lit-
erature found that the effect of greenness on well-being may vary 
due to people's socioeconomic and demographic characteristics 
such as age, gender and income (Mitchell et al.,  2015; Richardson 
& Mitchell, 2010). Therefore, in the next step, we conducted four 
exploring heterogeneous effects (Model 4–11) to test whether the 
relationship between SV-tree (SV-grass) exposure and respondents' 
odds of reporting low SWB varies by different socioeconomic and 
demographic characteristics. As for sensitivity analysis (supplement 
file), we first changed the plot ratio to the building coverage ratio 
(Model S1). Second, we set SWB as an ordinal variable and repeat 
the analysis using the multilevel ordered logit model (Model S2). 
The analyses were performed by Stata 15.1 (StataCorp.) using the 
‘melogit’ commands.

3  |  RESULTS

Table 2 illustrates the baseline model for the results of SV-tree and 
SV-grass on respondents' odds of reporting low SWB. Model 1 
showed the relationship between SV-tree, SV-grass, plot ratio, and 
respondents' odds of reporting low SWB. Both SV-tree (OR = 0.826, 
95% CI: 0.507–0.939) and SV-grass (OR  =  0.854, 95% CI: 0.552–
0.993) were negatively associated with respondents' odds of re-
porting low SWB. However, respondents living in a neighbourhood 
with Q3 (OR  =  1.252, 95% CI: 1.167–2.04) and Q4 (OR  =  1.192, 
95% CI: 1.016–1.983) plot ratio were more likely to report low SWB 
than those who live in neighbourhood with Q1 plot ratio. As for 

TA B L E  1  Descriptive statistics

Variables
Proportion/mean 
(SD)

Dependent variables

Subjective well-being (%)

High 94.391

Low 5.609

Independent variables

SV-tree median(IQR) 0.126 (0.091)

SV-grass median(IQR) 0.007 (0.007)

Plot ratio (total floor area/net land area)

First quartile (Q1) 0.364 (0.210)

Second quartile (Q2) 0.874 (0.131)

Third quartile (Q3) 1.238 (0.074)

Fourth quartile (Q4) 1.603 (0.195)

Covariates

Homeownership (%)

Homeowner 51.109

Non-homeowner 48.891

Income level (%)

<4999 RMB per month 27.479

>5000 and <14,999 RMB per month 55.978

>15,000 RMB per month 16.543

Sex (%)

Male 51.304

Female 48.696

Age (%)

<39 years old 72.326

>39 and <60 years old 24.696

>60 years old 2.978

Educational attainment level (%)

High school level and below 36.630

Above high school level 63.370

Hukou status (%)

Local hukou 64.304

None-local hukou 35.696

Marital status (%)

Married 61.196

Others 38.804

Employment status (%)

Employed 90.130

Others 9.870

Distance to amenities (km)

Distance to park 3.079 (2.376)

Distance to hospital 0.432 (0.388)

Distance to subway 1.671 (1.587)

Abbreviations: IQR, interquartile range; SD, standard deviation; SV, 
streetscape vegetation.
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sensitivity analysis (Table  S1), despite some differences in magni-
tude, the SV-SWB and density-SWB associations remained signifi-
cant and the signs of their coefficients remained the same across 

all models. As for covariates, homeowners were less likely to report 
low SWB compared with non-homeowners (OR  =  0.504, 95% CI: 
0.349–0.727). Compared to respondents with household income of 

TA B L E  2  Baseline models

Model 1 Model 2 Model 3

OR (95% CI) OR (95% CI) OR (95% CI)

Fixed part

Independent variables

SV-tree 0.826 (0.507–0.939)** 0.854 (0.562–0.998)** 0.827 (0.558–0.941)**

SV-grass 0.854 (0.552–0.993)** 0.858 (0.553–0.903)** 0.817 (0.527–0.988)**

Plot ratio (ref. = Q1)

Q2 1.053 (0.673–1.646) 1.605 (0.675–3.816) 1.180 (0.619–2.252)

Q3 1.252 (1.167–2.045)** 1.128 (1.104–2.930)** 1.356 (1.183–2.693)**

Q4 1.192 (1.016–1.983)** 1.163 (1.103–2.707)** 1.389 (1.113–3.143)**

Interaction term

SV-tree × plot ratio (Q2) 0.721 (0.403–0.889)**

SV-tree × plot ratio (Q3) 1.075 (0.613–1.885)

SV-tree × plot ratio (Q4) 1.146 (1.063–2.087)**

SV-grass × plot ratio (Q2) 1.911 (0.614–2.350)

SV-grass × plot ratio (Q3) 1.941 (1.442–2.381)**

SV-grass × plot ratio (Q4) 1.877 (1.493–2.561)**

Covariates

Age (ref: <39 years old)

>39 and <60 years old 1.064 (0.717–1.579) 1.059 (0.714–1.572) 1.060 (0.714–1.573)

>60 years old 0.645 (0.210–1.984) 0.654 (0.213–2.006) 0.642 (0.209–1.975)

Homeowner (ref: non-homeowner) 0.504 (0.349–0.727)*** 0.501 (0.347–0.723)*** 0.502 (0.348–0.725)***

Local hukou (ref: non-local hukou) 0.778 (0.552–1.098) 0.788 (0.559–1.112) 0.780 (0.553–1.101)

Income level (ref: <4999 RMB per month)

>5000 and <14,999 RMB per month 0.703 (0.507–0.974)** 0.701 (0.506–0.971)** 0.702 (0.507–0.973)**

>15,000 RMB per month 0.731 (0.454–1.177) 0.727 (0.451–1.171) 0.732 (0.455–1.179)

Male (ref: female) 1.343 (1.007–1.791)** 1.339 (1.004–1.786)** 1.342 (1.006–1.790)**

Above high school level (ref: high school 
level and below)

0.915 (0.663–1.264) 0.909 (0.658–1.256) 0.914 (0.662–1.263)

Married (ref. = others) 0.904 (0.650–1.255) 0.906 (0.653–1.259) 0.905 (0.652–1.257)

Employed (ref. = others) 0.765 (0.437–1.340) 0.771 (0.440–1.349) 0.763 (0.436–1.336)

Distance to hospital 0.989 (0.902–1.994) 0.991 (0.904–1.900) 0.988 (0.901–1.989)

Distance to park 1.342 (1.044–2.135)** 1.353 (1.051–2.151)** 1.337 (1.040–2.126)**

Distance to subway 0.731 (0.901–1.110) 1.005 (0.905–1.117) 1.000 (0.901–1.110)

Constant 0.067 (0.027–0.164)*** 0.062 (0.023–0.168)*** 0.063 (0.025–0.159)***

Radom part

Var (Neighbourhoods) 1.435*** 1.411*** 1.424***

Number of individuals 4600 4600 4600

Number of neighbourhoods 2228 2228 2228

Log-likelihood −953.495 −952.095 −953.324

AIC 1946.991 1950.192 1952.65

Note: Q2 = the 50th percentile; Q3 = the 75th percentile; Q4 = the 100th percentile.
Abbreviations: AIC, Akaike information criterion; CI, confidence interval; OR, odds ratio; SV, streetscape vegetation.
**p < 0.05, *** p < 0.01.
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less than 4999 RMB per month, respondents with household income 
between 5000–14,999 RMB per month were less likely to report low 
SWB (OR = 0.703, 95% CI: 0.507–0.974). Last, respondents' odds of 
reporting low SWB were positively associated with distance to the 
park (OR = 1.342, 95% CI: 1.044–2.135).

Model 2 showed the moderated effect of the plot ratio in the re-
lationship between SV-tree and respondents' odds of reporting low 
SWB. There was evidence to suggest that the plot ratio modified 
the association between SV-tree and respondents' odds of reporting 
low SWB. For example, compared with living in neighbourhood with 
Q1 plot ratio, the effect of SV-tree on respondents' odds of report-
ing low SWB was strengthened in neighbourhood with Q2 plot ratio 
(OR = 0.721, 95% CI: 0.403–0.889), but was weakened in neighbour-
hood with Q4 plot ratio (OR = 1.146, 95% CI: 1.063–2.087). Model 
3 showed the moderated effect of the plot ratio in the relationship 
between SV-grass and respondents' odds of reporting low SWB. 
There was also evidence to suggest that the plot ratio modified the 
association between SV-grass and respondents' odds of reporting 
low SWB. For instance, compared with living in neighbourhood with 
Q1 plot ratio, the effect of SV-grass on respondents' odds of report-
ing low SWB was weakened in neighbourhood with Q3 plot ratio 
(OR = 1.941, 95% CI: 1.442–2.381) and Q4 plot ratio (OR = 1.146, 
95% CI: 1.493–2.561).

We further examined the association amongst SV-tree, SV-grass, 
plot ratio and respondents' odds of reporting low SWB with the het-
erogeneous effects by individual demographic (gender and age) and 

socioeconomic (income and educational attainment) characteristics. 
Table 3 showed the heterogeneous effects between male and female 
groups. Model 4a indicated that SV-tree (OR = 0.735, 95% CI: 0.418–
0.893) and SV-grass (OR = 0.860, 95% CI: 0.479–0.914) were nega-
tively associated with male respondents' odds of reporting low SWB. 
Male respondents living in neighbourhood with Q3 (OR  =  2.457, 
95% CI: 1.704–8.580) and Q4 (OR  =  1.467, 95% CI: 1.115–1.901) 
plot ratio were more likely to report low SWB than those who live 
in neighbourhood with Q1 plot ratio. The moderation term indicated 
that compared with living in neighbourhood with Q1 plot ratio, the 
effect of SV-tree on male respondents' odds of reporting low SWB 
was strengthened in neighbourhood with Q3 plot ratio (OR = 0.710, 
95% CI: 0.326–0.846) but weakened in neighbourhood with Q4 plot 
ratio (OR = 1.880, 95% CI: 1.545–4.180). However, Model 5a indi-
cated that no evidence can support that SV-tree (OR = 0.998, 95% CI: 
0.633–1.905) and SV-grass (OR = 0.866, 95% CI: 0.570–1.433) were 
negatively associated with female respondents' odds of reporting low 
SWB. Similar to males, female respondents living in neighbourhood 
with Q3 (OR = 1.297, 95% CI: 1.186–2.610) and Q4 (OR = 1.843, 95% 
CI: 1.463–7.334) plot ratio were more likely to report low SWB than 
those who live in neighbourhood with Q1 plot ratio. The moderation 
term indicated that compared with living in neighbourhood with Q1 
plot ratio, the effect of SV-tree on female respondents' odds of re-
porting low SWB was strengthened in neighbourhood with Q3 plot 
ratio (OR = 0.700, 95% CI: 0.314–0.958) but weakened in neighbour-
hood with Q4 plot ratio (OR = 1.013, 95% CI: 1.080–1.597).

TA B L E  3  Heterogeneous effects by gender

Males Females

Model 4a Model 4b Model 5a Model 5b

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Independent variables

SV-tree 0.735 (0.418–0.893)** 0.727 (0.531–0.995)** 0.998 (0.633–1.905) 0.914 (0.753–1.364)

SV-grass 0.860 (0.479–0.914)** 0.792 (0.418–0.905)** 0.866 (0.570–1.433) 0.916 (0.837–1.769)

Plot ratio (ref. = Q1)

Q2 2.028 (0.660–6.232) 1.384 (0.606–3.160) 1.285 (0.365–4.526) 0.992 (0.381–2.585)

Q3 2.457 (1.704–8.580)** 1.662 (1.272–4.114)** 1.297 (1.186–2.610)** 1.232 (1.086–3.124)**

Q4 1.467 (1.115–1.901)** 1.673 (1.279–4.837)** 1.843 (1.463–7.334)** 1.169 (1.072–3.670)**

Interaction term

SV-tree × plot ratio (Q2) 0.710 (0.326–0.846)** 0.700 (0.314–0.958)**

SV-tree × plot ratio (Q3) 1.665 (0.300–2.474) 1.378 (0.671–2.830)

SV-tree × plot ratio (Q4) 1.880 (1.545–4.180)** 1.013 (1.080–1.597)**

SV-grass × plot ratio (Q2) 1.978 (0.592–2.616) 1.819 (0.452–1.484)

SV-grass × plot ratio (Q3) 1.841 (1.499–2.416)** 1.998 (0.995–2.676)**

SV-grass × plot ratio (Q4) 1.829 (1.395–2.740)** 1.925 (1.406–2.107)**

Log-likelihood −522.861 −526.384 −417.179 −418.982

AIC 1089.724 1096.768 876.358 879.964

Note: Models were fully adjusted. Q2 = the 50th percentile; Q3 = the 75th percentile; Q4 = the 100th percentile.
Abbreviations: AIC, Akaike information criterion; CI, confidence interval; OR, odds ratio; SV, streetscape vegetation.
** p < 0.05.
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The moderation term in Model 4b suggested that compared with 
living in neighbourhood with Q1 plot ratio, the effect of SV-grass 
on male respondents' odds of reporting low SWB was weakened 
in neighbourhood with Q3 plot ratio (OR = 1.841, 95% CI: 1.499–
2.416) and Q4 plot ratio (OR = 1.829, 95% CI: 1.395–2.740). Hence, 
the moderation term in Model 5b suggested that compared with 
living in neighbourhood with Q1 plot ratio, the effect of SV-grass 
on female respondents' odds of reporting low SWB was weakened 
in neighbourhood with Q3 plot ratio (OR = 1.998, 95% CI: 0.995–
2.676) and Q4 plot ratio (OR = 1.925, 95% CI: 1.406–2.107).

Table  4 showed the heterogeneous effects of age. Model 6a 
indicated that SV-tree (OR  =  0.741, 95% CI:0.455–0.906) and SV-
grass (OR = 0.770, 95% CI: 0.417–0.881) were negatively associated 
with young adults' odds of reporting low SWB. Young adults living 
in neighbourhood with Q3 (OR = 1.855, 95% CI: 1.279–2.619) and 
Q4 (OR = 1.560, 95% CI: 1.164–1.911) plot ratio were more likely to 
report low SWB than those who live in neighbourhood with Q1 plot 
ratio. The moderation term indicated that compared with in neigh-
bourhood with Q1 plot ratio, the effect of SV-tree on young adults' 
odds of reporting low SWB was strengthened in neighbourhood 
with Q3 plot ratio (OR = 0.792, 95% CI: 0.524–0.880) but weakened 
in neighbourhood with Q4 plot ratio (OR = 1.428, 95% CI: 1.200–
2.913). However, Model 7a indicated that no evidence can sup-
port that SV-tree (OR = 0.876, 95% CI:0.621–3.508) and SV-grass 
(OR = 0.965, 95% CI:0.641–1.452) were negatively associated with 
middle-age and older adults' odds of reporting low SWB. Similar to 

young adults, middle-aged and older adults living in neighbourhood 
with Q3 (OR = 1.065, 95% CI: 1.009–1.563) and Q4 (OR = 1.865, 
95% CI: 1.535–2.807) plot ratio were more likely to report low SWB 
than those who live in neighbourhood with Q1 plot ratio. The mod-
eration term indicated that compared with living in neighbourhood 
with Q1 plot ratio, the effect of SV-tree on middle-age and older 
adults' odds of reporting low SWB was strengthened in the neigh-
bourhood with a Q3 plot ratio (OR = 0.050, 95% CI: 0.006–0.404).

The moderation term in Model 6b suggested that compared with 
living in neighbourhood with Q1 plot ratio, the effect of SV-grass on 
young adults' odds of reporting low SWB was weakened in neigh-
bourhood with Q3 plot ratio (OR = 1.153, 95% CI: 1.108–1.493) and 
Q4 plot ratio (OR = 1.138, 95% CI: 1.074–2.258). Hence, the moder-
ation term in Model 7b suggested that compared with living in neigh-
bourhood with Q1 plot ratio, the effect of SV-grass on middle-age 
and older adults' odds of reporting low SWB was weakened in neigh-
bourhood with Q3 plot ratio (OR = 2.789, 95% CI: 2.358–3.741).

Table  5 showed the heterogeneous effects of educational at-
tainment. Model 8a indicated that SV-tree (OR  =  0.876, 95% 
CI:0.406–0.890) and SV-grass (OR = 0.803, 95% CI: 0.436–0.900) were 
negatively associated with odds of reporting low SWB for respondents 
with high school and below education attainment. Respondents with 
high school and below education attainment living in neighbourhood 
with Q3 (OR = 1.816, 95% CI: 1.155–4.288) and Q4 (OR = 1.582, 95% 
CI: 1.090–3.754) plot ratio were more likely to report low SWB than 
those who live in neighbourhood with Q1 plot ratio. The moderation 

TA B L E  4  Heterogeneous effects by age

Young adults Middle-age and older adults

Model 6a Model 6b Model 7a Model 7b

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Independent variables

SV-tree 0.741 (0.455–0.906)** 0.831 (0.636–0.886)** 0.876 (0.621–3.508) 0.780 (0.491–1.238)

SV-grass 0.770 (0.417–0.881)** 0.850 (0.510–0.904)** 0.965 (0.641–1.452) 0.735 (0.425–2.497)

Plot ratio (ref. = Q1)

Q2 1.063 (0.405–2.791) 1.026 (0.499–2.110) 1.740 (0.559–2.750) 1.184 (0.709–2.701)

Q3 1.855 (1.279–2.619)** 1.123 (1.110–2.476)** 1.065 (1.009–1.563)** 1.646 (1.201–1.974)**

Q4 1.560 (1.164–1.911)** 1.829 (1.315–2.185)** 1.865 (1.535–2.807)** 1.135 (1.057–1.731)**

Interaction term

SV-tree × plot ratio (Q2) 0.792 (0.524–0.880)** 0.050 (0.006–0.404)**

SV-tree × plot ratio (Q3) 1.178 (0.601–2.308) 1.064 (0.223–1.838)

SV-tree × plot ratio (Q4) 1.428 (1.200–2.913)** 1.136 (0.204–1.982)

SV-grass × plot ratio (Q2) 1.017 (0.659–1.570) 2.262 (0.060–3.145)

SV-grass × plot ratio (Q3) 1.153 (1.108–1.493)** 2.789 (2.358–3.741)**

SV-grass × plot ratio (Q4) 1.138 (1.074–2.258)** 2.428 (0.134–3.368)

Log-likelihood −711.863 −712.401 −223.787 −227.002

AIC 1465.726 1466.804 491.575 498.005

Note: Models were fully adjusted. Q2 = the 50th percentile; Q3 = the 75th percentile; Q4 = the 100th percentile.
Abbreviations: AIC, Akaike information criterion; CI, confidence interval; OR, odds ratio; SV, streetscape vegetation.
**p < 0.05.
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term indicated that compared with living in neighbourhood with Q1 
plot ratio, the effect of SV-tree on odds of reporting low SWB for 
respondents with high school and below education attainment was 
strengthened in neighbourhood with Q3 plot ratio (OR = 0.542, 95% 
CI: 0.191–0.837) but weakened in neighbourhood with Q4 plot ratio 
(OR = 1.928, 95% CI: 1.666–5.586). Also, Model 9a indicated that SV-
tree (OR  =  0.840, 95% CI:0.513–0.975) and SV-grass (OR  =  0.886, 
95% CI:0.446–0.98) were negatively associated with odds of report-
ing low SWB for respondents with above high school education at-
tainment. Respondents with above high school education attainment 
living in neighbourhood with Q3 (OR = 1.056, 95% CI: 1.004–4.887) 
and Q4 (OR = 1.139, 95% CI: 1.032–3.908) plot ratio were more likely 
to report low SWB than those who live in neighbourhood with Q1 
plot ratio. The moderation term indicated that compared with living in 
neighbourhood with Q1 plot ratio, the effect of SV-tree on the odds 
of reporting low SWB for respondents with above high school educa-
tion attainment was weakened in neighbourhood with Q4 plot ratio 
(OR = 1.059, 95% CI: 1.003–1.485).

The moderation term in Model 8b suggested that compared with 
living in neighbourhood with Q1 plot ratio, the effect of SV-grass on 
odds of reporting low SWB for respondents with high school and below 
education attainment was weakened in neighbourhood with Q3 plot 
ratio (OR = 1.312, 95% CI: 1.105–2.444) and Q4 plot ratio (OR = 1.832, 
95% CI: 1.320–2.168). Hence, the moderation term in Model 9b sug-
gested that compared with living in neighbourhood with Q1 plot ratio, 
the effect of SV-grass on odds of reporting low SWB for respondents 

with above high school education attainment was weakened in neigh-
bourhood with Q4 plot ratio (OR = 1.976, 95% CI: 1.426–2.799).

Table  6 showed the heterogeneous effects of income. Model 
10a indicated that SV-tree (OR = 0.915, 95% CI:0.787–0.945) and 
SV-grass (OR = 0.879, 95% CI: 0.823–0.916) were negatively asso-
ciated with odds of reporting low SWB for respondents with low in-
come. Respondents with low income living in neighbourhood with 
Q3 (OR = 2.259, 95% CI: 1.798–3.313) and Q4 (OR = 1.395, 95% CI: 
1.272–3.154) plot ratio were more likely to report low SWB than 
those who live in neighbourhood with Q1 plot ratio. The modera-
tion term indicated that compared with in neighbourhood with Q1 
plot ratio, the effect of SV-tree on odds of reporting low SWB for 
respondents with low income was strengthened in neighbourhood 
with Q3 plot ratio (OR = 0.462 95% CI: 0.190–0.821) but weakened 
in neighbourhood with Q4 plot ratio (OR = 1.772, 95% CI: 1.316–
1.891). However, Model 11a indicated that no evidence can sup-
port that SV-tree (OR = 0.595, 95% CI:0.321–1.103) and SV-grass 
(OR = 0.679, 95% CI:0.586–1.752) were also negatively associated 
with odds of reporting low SWB for respondents with middle and 
high income. Respondents with middle- and high-income living in 
neighbourhood with Q4 (OR  =  1.105, 95% CI: 1.007–3.133) plot 
ratio were more likely to report low SWB than those who live in 
neighbourhood with Q1 plot ratio. No evidence can support that 
the plot ratio moderates the association between SV-tree and the 
odds of reporting low SWB for respondents with middle and high 
income.

TA B L E  5  Heterogeneous effects by education level

High school level and below Above high school level

Model 8a Model 8b Model 9a Model 9b

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Independent variables

SV-tree 0.876 (0.406–0.890)** 0.991 (0.695–0.999)** 0.840 (0.513–0.975)** 0.746 (0.556–0.902)**

SV-grass 0.803 (0.436–0.900)** 0.830 (0.583–0.902)** 0.886 (0.446–0.988)** 0.811 (0.575–0.893)**

Plot ratio (ref. = Q1)

Q2 1.490 (0.526–3.798) 1.175 (0.397–3.477) 1.654 (0.473–3.876) 1.231 (0.551–2.749)

Q3 1.816 (1.155–4.288)** 1.392 (1.164–4.177)** 1.056 (1.004–4.887)** 1.274 (1.106–3.587)**

Q4 1.582 (1.090–3.754)** 1.870 (1.476–3.339)** 1.139 (1.032–3.908)** 1.314 (1.179–3.604)**

Interaction term

SV-tree × plot ratio (Q2) 0.542 (0.191–0.837)** 0.797 (0.394–1.612)

SV-tree × plot ratio (Q3) 1.862 (0.687–5.044) 1.055 (0.365–1.561)

SV-tree × plot ratio (Q4) 1.928 (1.666–5.586)** 1.059 (1.003–1.485)**

SV-grass × plot ratio (Q2) 1.143 (0.493–1.803) 1.959 (0.523–2.412)

SV-grass × plot ratio (Q3) 1.312 (1.105–2.444)** 1.9712 (0.418–2.213)

SV-grass × plot ratio (Q4) 1.832 (1.320–2.168)** 1.976 (1.426–2.799)**

Log-likelihood −383.346 −387.057 −553.714 −553.296

AIC 810.6931 818.115 1149.429 1148.593

Note: Models were fully adjusted. Q2 = the 50th percentile; Q3 = the 75th percentile; Q4 = the 100th percentile.
Abbreviations: AIC, Akaike information criterion; CI, confidence interval; OR, odds ratio; SV, streetscape vegetation.
** p < 0.05.
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The moderation term in Model 10b suggested that compared 
with in neighbourhood with Q1 plot ratio, the effect of SV-grass on 
odds of reporting low SWB for respondents with low income was 
weakened in neighbourhood with Q3 plot ratio (OR = 1.957, 95% CI: 
1.550–2.667) and Q4 plot ratio (OR = 1.878, 95% CI: 1.345–2.236). 
Hence, the moderation term in Model 11b suggested that no evi-
dence can support that the plot ratio moderates the association be-
tween SV-grass and the odds of reporting low SWB for respondents 
with middle and high income.

4  |  DISCUSSION

4.1  |  Key findings

This study finds that both streetscape trees and grass are positively 
associated with SWB whilst building density is negatively associ-
ated with SWB. Our findings suggest that building density moder-
ates the association between SV and SWB. Relatively lower-middle 
building density strengthens the positive effect of streetscape trees 
on SWB, whilst high building density weakens the positive effect of 
streetscape trees on SWB. Hence, higher-middle and high building 
density weaken the positive effect of streetscape grasses on SWB. 
Last, the effect of street streetscape trees, grasses and building den-
sity on SWB is varied significantly by individual demographic and 

socioeconomic characteristics such as sex, age, educational attain-
ment and income.

4.2  |  Independent effect of street trees, grass and 
building density on SWB

Our results suggest that residential street trees may exert ben-
eficial effects on SWB in an urban population. Previous studies 
in Australia (Astell-Burt & Feng, 2019), New York City in America 
(Reid et al., 2017) and Guangzhou (China; Wang et al., 2019) also 
found that neighbourhood tree canopy was positively related to 
health outcomes. First, street trees can reduce people's stress 
and help them recover from pressure (Jiang et al.,  2014, 2016). 
Second, street trees not only benefit people's mental well-being 
by decreasing objective pollution harms (i.e. nitrogen dioxide and 
particles smaller than 10 or 2.5 microns) but also benefit people's 
mental well-being through the reduction of people's subjective 
perceived pollution (Wang et al.,  2019). Last, shade provision of 
street trees can encourage people to take more outdoor physi-
cal activity (e.g. walking) which benefits well-being (Li et al., 2018; 
Wang et al.,  2019, 2020). Hence, street trees also offer people 
an open space for contacting others, which enhances their cohe-
sion (Wang et al., 2019). Our results also suggest streetscape grass 
is positively associated with SWB. This is different from findings 

TA B L E  6  Heterogeneous effects by income level

Low income Middle and high income

Model 10a Model 10b Model 11a Model 11b

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Independent variables

SV-tree 0.915 (0.787–0.945)** 0.958 (0.672–0.995)** 0.595 (0.321–1.103)* 0.756 (0.556–1.028)*

SV-grass 0.879 (0.823–0.916)*** 0.810 (0.747–0.948)** 0.679(0.586–1.752) 0.879(0.467–2.051)

Plot ratio (ref. = Q1)

Q2 2.606(0.639–4.631) 1.875(0.313–2.442) 1.173(0.377–3.647) 1.172(0.634–3.420)

Q3 2.259 (1.798–3.313)** 1.444 (1.119–4.020)** 1.022(0.140–1.942) 1.266(0.499–3.212)

Q4 1.395 (1.272–3.154)** 1.065 (1.001–3.921)* 1.105 (1.007–3.133)** 1.621 (1.557–4.713)**

Interaction term

SV-tree × plot ratio (Q2) 0.462 (0.190–0.821)** 1.292(0.444–2.219)

SV-tree × plot ratio (Q3) 1.0577(0.263–2.268) 1.230(0.772–3.875)

SV-tree × plot ratio (Q4) 1.772 (1.316–1.891)** 1.006(0.646–3.422)

SV-grass × plot ratio (Q2) 1.503(0.534–1.884) 1.915(0.488–2.361)

SV-grass × plot ratio (Q3) 1.957 (1.550–2.667)** 1.917(0.532–2.581)

SV-grass × plot ratio (Q4) 1.878 (1.345–2.236)** 1.970(0.410–2.846)

Log-likelihood −333.755 −335.492 −611.126 −612.285

AIC 709.511 712.984 1266.252 1268.57

Note: Models were fully adjusted. Q2 = the 50th percentile; Q3 = the 75th percentile; Q4 = the 100th percentile.
Abbreviations: AIC, Akaike information criterion; CI, confidence interval; OR, odds ratio; SV, streetscape vegetation.
*p < 0.10.; **p < 0.05.; ***p < 0.01.
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from previous studies in Australia (Astell-Burt & Feng, 2019) and 
America (Reid et al., 2017), but consistent with previous evidence 
in China (Wang et al.,  2019). Reid et al.  (2017) pointed out that 
grasses affect health in a different way with trees, which may 
explain its insignificant association with health. Astell-Burt and 
Feng  (2019) suggested that trees are more beneficial for mental 
well-being since it is more supportive of biodiversity than grasses. 
However, a recent study in China found that street grasses also 
benefit people's mental well-being by decreasing objective pol-
lution harms (i.e. nitrogen dioxide) and people's perceived pollu-
tion (Wang et al., 2019). Another reason for the inconsistency of 
the grass-health association may be because of the difference in 
the definition of street grasses (Wood et al., 2018). The quality of 
street grasses is also relevant to impose psychological restorative 
benefits. This study indicates that building density is negatively 
associated with SWB in an urban population. However, previous 
studies in Hong Kong found that building density was positively re-
lated to health by improving acoustic comforts (Chan & Liu, 2018). 
We only found a significant association between building density 
and SWB when the density is high enough (Q3 and Q4). It means 
that when building density increases within the appropriate limits, 
it may benefit residents' SWB, but if the density is too high it may 
exert adverse effects on SWB.

4.3  |  Joint effect of street trees, grass and building 
density on SWB

Our findings suggest that building density moderates the association 
between SV and SWB. Relatively lower-middle (Q2) building den-
sity strengthens the positive effect of streetscape trees on SWB, 
whilst high (Q4) building density weakens the positive effect of 
streetscape trees on SWB. This phenomenon can be explained by 
the following reasons: (1) With the slight increase in building density 
(Q2), the density of street tree cover may also increase. This further 
makes residents share a more compact open space and increases 
social contacts which may facilitate neighbourhood social cohe-
sion and encourage residents to take outdoor group sports (Talen 
& Koschinsky, 2014). However, when building density gets too high 
(Q4), the cover of the tree canopy may be too low to support a com-
fortable open space; (2) When street trees get denser, they are more 
likely to block different kinds of pollutants (Huang et al., 2019), but 
if the cover of the tree canopy gets too low, it can not mitigate en-
vironmental stressors such as air pollution (Huang et al., 2019); (3) 
Previous studies have proven that the restorative effect of trees on 
stress recovery increases with a slight increase of its density, but if 
the density of trees gets too high, its restorative effect decreases 
(Jiang et al.,  2014). However, no evidence can support that the 
slight increase in building density may also strengthen the effect of 
streetscape grasses. We found that higher-middle (Q3) and high (Q4) 
building density weakens the positive effect of streetscape grasses 
on SWB. First, the cover of street grassland may become too low 
and dense with the increase in building density and may not support 

outdoor physical activity and social contact (Peters et al.,  2010). 
Hence, a dense street grassland may cause conflict in the neighbour-
hood, since residents will compete for limited open space resources 
(Burton et al., 1996). Second, when street grasses get too dense, its 
mitigation effect on environmental stressors also decreases (Vieira 
et al., 2018). Third, a dense street grassland can not offer a comfort-
able place for various species which may reduce its biodiversity and 
psychological restorative benefits (Wood et al., 2018).

Our stratified and moderation analysis suggests that the asso-
ciation amongst street vegetation, building density and SWB tends 
to vary with individual socio-demographic factors. We found that 
males can benefit more from street vegetation than females which is 
consistent with previous studies (Richardson & Mitchell, 2010), This 
may be due to the reason that males spend more time on the street 
for different outdoor activities than females (Jiang et al.,  2014). 
Street vegetation is more beneficial for young adults than for older 
adults. This can be explained by the reason that young adults are 
more likely to spend their leisure time in physical activities (i.e. walk-
ing and cycling) on the street than older adults since they are less 
likely to be functionally restricted (Sang et al., 2016). We also found 
that people with low-income benefit more from street vegetation 
than people with high incomes. People with high income can pay for 
better health-related services, but people with low income have to 
rely on public resources such as public green infrastructures on the 
street (Liu et al., 2017; Mitchell et al., 2015; Pan et al., 2021; Salehi 
et al., 2017).

4.4  |  Policy implication and limitations

Since both streetscape trees and grass are positively associated 
with SWB, policy makers should improve the provision of street 
vegetation to promote residents' well-being. Second, the plot 
ratio is negatively associated with SWB, so laws and regulations 
regulating the building density should be perfected. Third, the ef-
fects of greenspace streetscape trees and grass may be modified 
by building density, so street vegetation should be planned based 
on the local neighbourhood building density. Last, we found that 
the effect of SV is more beneficial for disadvantaged groups (e.g. 
low income groups), so more SV should be planned for deprived 
neighbourhoods, which may be useful narrow health inequalities 
and improve social justice.

Our study has several limitations due to data constraints. First, 
our cross-sectional study design makes it difficult to infer causation 
between streetscape greenness exposure and SWB. Second, the 
duration of exposure to streetscape greenness was not taken into 
account and other detailed information on streetscape green-
ness is still unknown. This may lead to the Uncertain Geographic 
Context Problem regarding the influences of streetscape greenness 
(Kwan, 2012). Third, street view data can not identify dynamic sea-
sonal effects of changes in streetscape greenness. Hence, incon-
sistent collected time of survey and street view data, and errors in 
identification of the vegetation in the images may lead to some bias.
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5  |  CONCLUSION

This study systematically investigates the role of building density 
in the association between street vegetation and SWB amongst 
people living in Chinese cities. Results from statistical analyses 
show that both streetscape trees and grass are positively asso-
ciated with SWB whilst building density is negatively associated 
with SWB. The moderation analysis indicates that the effects of 
greenspace streetscape trees and grass may be modified by build-
ing density. Hence, the decomposition analysis provides the in-
sight that the effect of street vegetation and building density on 
SWB is varied significantly by individual demographic and socio-
economic characteristics such as sex, age and income. The above 
findings highlight the importance of considering the context ef-
fect of density for urban greenness research. To create healthy 
cities through urban planning and design, policymakers should 
focus on the perceived benefits of street vegetation and building 
density at the neighbourhood scale.
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