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Abstract

This study aimed to contrast the associations of street view-, land use- and satellite-derived
greenspace measures with older adults’ mental health and to examine the mediating effects of
neighborhood environmental perceptions (i.e., noise, aesthetics and satisfaction with recreational
opportunities) to explain potential heterogeneity in the associations. Data of 879 respondents aged
60 or older in Dalian, China were used, and multilevel regression models were conducted in Stata.
Results indicated that the Normalized Difference Vegetation Index (NDVI), vegetation coverage,
park coverage and streetscape grasses were positively correlated with older adults” mental health.
The associations of exposure metrics measured by overhead view were stronger than those measured
by the street view. Streetscape grasses had a stronger association with older adults’ mental health
than streetscape trees. Noise, aesthetics and satisfaction with recreational opportunities mediated
these associations, but the strength of the mediating effects differed across the greenspace measures.
Our findings confirm the necessity of multi-measures assessment for greenspace to examine
associations with older adults’ mental health in Chinese settings and can contribute to the realization
of health benefits of urban greenspace.
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1 Introduction

Urban greenspace, including urban parks, nature reserves and walking greenways, is a critical
environmental resource that benefits mental health (Gascon et al., 2018; Giannico et al., 2021; Lai
et al., 2020). A growing body of research has shown that greenspace can relieve stress (Hazer et al.,
2018; Tyrvédinen et al., 2014), restore concentration (Li et al., 2018; Wang et al., 2020), improve
cognitive ability (Besser et al., 2017; Liu et al., 2019a), regulate negative psychology such as anger,
anxiety and depression (Barnett et al., 2018; Gascon et al., 2018; Helbich et al., 2019), and reduce
mental disorders (Markevych et al., 2017). However, the associations between greenspace exposure
metrics and mental health seem to vary depending on the type of greenspace exposure metric used
(Dzhambov et al., 2018; Reid et al., 2017; Wang et al., 2021). For instance, Feng and Astell-Burt
(2018) found that residential greenspace quality but not quantity was associated with symptoms of
psychological distress in adolescents (Feng and Astell-Burt, 2017). It was streetscape greenness
rather than greenery cover that was inversely associated with depressive symptoms among older
people (Helbich et al., 2019). Different methods to operationalize greenspace may be one of the
reasons for the diverse conclusions in studies focusing on the greenspace-mental health association



(Houlden et al., 2018; Labib et al., 2020a; Reid et al., 2018). Therefore, it is necessary to examine
relationships between different greenspace exposure metrics and mental health systematically, in
order to provide a basis for the selection of greenspace planning indicators.

Remote sensing is one of the most common methods to generate objective greenspace indicators
(Helbich et al., 2021; Jiang et al., 2017; Labib et al., 2020). It either uses derivates of vegetation
indices (Markevych et al., 2017), such as the Normalized Difference Vegetation Index (NDVI)
(Tucker, 1979), or classifies images as surrogate measures into land use and land cover categories
(e.g., forests and parks) (Helbich et al., 2018; Zock et al., 2018). NDVI can quantify the density of
vegetation and reflect vegetational health (Helbich et al., 2019; Tucker, 1979). To define vegetation
cover, cultivated land, forest and grassland are usually aggregated. NDVI or vegetation cover,
derived from remote sensing with downward-facing satellites, is usually selected as a greenspace
indicator for research and urban planning purposes. Such downward-facing satellites however,
conceptually represent an overhead perspective but do not always reflect the eye-level perspective
that people have on greenspace (Dong et al., 2018; Lu et al., 2018). The Attention Restoration
Theory posits that the presence of visible outdoor greenery can have therapeutic influences and
fosters restoration from anxiety (Lega et al., 2021; Ulrich, 1984). The Stress Recovery theory also
indicates that visible natural environments offer a concrete and available means of reducing
suffering and enhancing effectiveness (Kaplan and Kaplan, 1989; Li et al., 2018). So, eye-level
measurements are desired when studying the relationship between greenspace exposure and mental
health. Recently, a few studies discovered that street view data could capture eye-level visible
vegetation such as trees and grasses (Rzotkiewicz et al., 2018; Wang et al., 2021). Such eye-level
vegetation can be extracted automatically using a machine learning approach, while simultaneously
being effective and accurate (Dong et al., 2018; Li et al., 2018; Weichenthal et al., 2019). The bulk
acquisition of street view data has broadened the scope of studies and increased possibilities for
research. For example, Wang et al. (2021) found that streetscape greenspace quantity and quality
were associated with mental health through different mechanisms.

The mechanisms through which greenspace derived from overhead and eye-level view is
associated with mental health may differ (Wang et al., 2019a), because overhead view does not
identify smaller and/or vertical areas of perceived greenspace (e.g., street trees, lawns, green walls),
which are especially important in cities (Helbich et al., 2019; Wang et al., 2019a). However, due to
methodological limitations, eye-level greenspace has received less attention in research than
overhead-view greenspace (Lachowycz and Jones, 2013; Markevych et al., 2017). Only a few
studies previously compared associations of greenspace metrics using overhead and street view with
mental health. Helbich et al. (2019) found that street-view greenspace was inversely associated with
geriatric depression in Beijing and achieved a better model goodness-of-fit than NDVI using
multilevel regressions. In another study, streetscape greenery and NDVI were each positively
associated with adults’ wellbeing in Guangzhou (Zhou et al., 2020). The available evidence is
insufficient to draw firm conclusions and in addition, it is unclear which mechanisms may explain
the differences in associations between different types of greenspace metrics and mental health
indicators in older adults. Specific mediation effects may be present here, but these are
underexplored.

It is essential to examine mediating effects as they may better capture specific pathways through
which greenspace measures influence mental health. Several mediators may be important in the

associations of greenspace and mental health indicators (Markevych et al., 2017; Zhang et al.,



2021b). For instance, park coverage measured in overhead view has indirect associations with
mental health indicators through residents’ perceptions of opportunities for recreational activities
provided by public parks (Liu et al., 2017a; Tyrvéinen et al., 2014). Streetscape greenness,
representing visual exposures experienced during day-to-day activities, may better reflect residents’
perceptions of aesthetics than vegetation cover or NDVI, so mediating effects of aesthetical
perceptions may be stronger when using street-view measures instead of overhead-view measures
(Kothencz et al., 2017). Furthermore, tree cover may better reflect potential air pollution filtration,
noise reduction and heat perception compared with other types of vegetation (Klingberg et al., 2017,
Signoretta et al., 2019).

Previous studies proposed that restorative effects of urban greenspace environments can be
achieved by fully accounting for visual perceptions, auditory perceptions and human activity (Chen
et al., 2009; Marselle et al., 2016). Restorative value and preference were positively predicted by
visual factors (arbors, shrubs, and grass), auditory factors (flowing water sounds, wind-induced
vegetation sounds, birdsong), and recreational opportunities (attractions and leisure activities) (Lai
et al., 2020; Marselle et al., 2016). Exposure to natural environments can improve human mental
health and wellbeing by auditory-visual-cognitive combinations (Liu et al., 2019a; Pheasant et al.,
2010). As a result, perceptions of noise, aesthetics and recreational opportunities seem to be
important mediating variables to investigate when examining the pathway of greenspace to mental
health. These perceptions correspond to auditory, visual, and cognitive factors, respectively.

To our knowledge, no studies systematically and simultaneously examined the associations of
greenspace metrics derived from street view, remote sensing, land use and vegetation type with
older adults’ mental health, nor did they examine the potential mediating effects of neighborhood
environmental perceptions like noise, aesthetics and satisfaction with recreational opportunities in
those associations (Gascon et al., 2015; Zhang et al., 2021b). However, examining the strength of
these specific associations is important to give advice to urban planners regarding the selection of
appropriate greenspace exposure metrics. Furthermore, greenspace and mental health indicators can
vary greatly between and within cities. Cities are distinct in terms of a variety of factors (e.g.,
population sociodemographic characteristics, land use patterns, transportation, historical and
cultural context, climate) as well as their spatial patterning (Cusack et al., 2017; Giannico et al.,
2021), which may influence how greenspace influences mental health. To fully understand how
greenspace is related to mental health indicators, research in different continents covering the full
range in green environments and in mental health indicators is necessary. Although some studies on
the associations of greenspace with mental health have been conducted in China (Dong et al., 2018;
Liu et al., 2019b; Liu et al., 2019¢; Wang et al., 2019a; Yao et al., 2019), previous studies have
primarily been conducted in megacities such as Beijing and Guangzhou. There is currently a scarcity
of research in second-tier Chinese cities, which have distinct environmental characteristics (Zhang
et al., 2021b).

To overcome these shortcomings, the main aim of this study was to examine the associations of
multi-dimensional quantitative greenspace indicators, containing NDVI, vegetation coverage, park
coverage, streetscape greenness, streetscape trees and streetscape grasses, with older adults’ mental
wellbeing. This paper contributes to the literature in the following three ways. First, greenspace
metrics were derived from street view, remote sensing, land use and vegetation type (He et al., 2022).
Second, we explored the mediating effects of individuals’ perceptions of noise, aesthetics and their
satisfaction with recreational opportunities on the associations between greenspace with older adults’



mental wellbeing to explain potential inconsistent results. Third, it is one of the first studies on
associations of diverse greenspace metrics with older adults’ mental health in a typical second-tier
aging city in China. In Dalian, the prevalence of mental diseases in older adults is considerably high
(25%) (Sun and Lu, 2022). These findings are helpful for evidence-based planning strategies and
can provide guidelines for designing greenspace in similar Chinese second-tier cities.

Two hypotheses were generated, namely that the strength of the associations of the greenspace
exposure metrics with mental wellbeing varies depending on greenspace measures, and that specific
mediating pathways would be present, depending on the greenspace metric examined. This study
contributes to the literature by providing an empirical exploration for the realization of the health
benefits of urban greenspace.

2 Materials and methods

2.1 Procedure and study design

This is an observational study, conducted in residential areas in Dalian, China (Fig. 1). Residential
neighborhoods range from 0.03 to 1.12 km? (mean=0.28 km?; SD+0.24). The recruitment procedure
was based on a two-stage stratified sampling design. In the first stage, 61 residential neighborhoods
(neighborhoods) were randomly selected from the main urban area of Dalian. Then, in each
residential neighborhood, 12-18 older adults who were over 60 and had been living at their current
address for more than 10 years were randomly selected as respondents. We selected individuals
living at their current address for at least ten years in order to exclude newly arrived older
immigrants. Mental health outcomes of short-term migrants are not the result of the current
surrounding environments to a large extent, considering that mental health outcomes are related to
the cumulative effect of the environment (Dzhambov et al., 2020; Labib et al., 2020a; Wang et al.,
2021).

Preliminary home interviews were conducted to determine whether the selected older adults were
willing to participate in the survey. Among the total of 986 randomly selected older adults
(conformity with criteria), 900 of them from different households finally participated in the
interview (response rate 91.3%). Interviews were conducted face-to-face at respondents’ homes. All
the interviewers participated in a training course before conducting survey data collection. The
questionnaire data was collected from May to October 2019. Questionnaires with incomplete
answers, apparently contradictory answers, and regular answers (e.g., all the same options) were
deleted. 879 participants with valid data were included in further data analyses. Through detailed
individual interviews, participants' mental wellbeing, environmental perceptions and socio-
economic attributes were assessed. The study protocol was approved by the Dalian University of
Technology Research Ethics Committee, and all participants completed informed consent before

enrollment.
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Fig. 1 Location of the study area and neighborhoods

2.2 Mental wellbeing

The questions used to assess mental health originate from the WAVE 1’ dataset, which is a survey
designed by the World Health Organization (WHO). The WAVE survey is a longitudinal study of
aging and health with nationally representative samples of adults from 6 low- and middle-income
countries including China (Arokiasamy et al., 2017). We selected questions to assess older adults’
mental wellbeing from the Chinese version of the questionnaire (SAGE team, 2013). Three aspects
of mental wellbeing were assessed: place-related emotional wellbeing (Burton et al., 2011);
emotional wellbeing (Liu et al., 2017b; Steptoe et al., 2015) and evaluative wellbeing (Steptoe et
al., 2015). Place-related emotional wellbeing was assessed with two items (I have been satisfied
with the neighborhood as a place to live in the past 30 days; I have been attracted by trips in the
local neighborhood in the past 30 days). Emotional wellbeing was assessed with two items (I have
felt sad, down or depressed in the past 30 days; I had a period lasting several days feeling worried
or anxiety in the past year), and evaluative wellbeing with one item (I have been satisfied with my
life as a whole in the past year). A composite scale for mental wellbeing was constructed by
summing the scores on the separate items. Each item was scored on a 5-point Likert scale, ranging
from “never” (=0) to ““always” (=4), and the total score ranged from 0 to 20. Greater values indicate
better mental wellbeing. The reliability of the questionnaire was checked using a Cronbach’s Alpha
coefficient. Factor analysis was used to test the construct validity of the questionnaire. In our study,
Cronbach’s Alpha value was 0.791 (= 0.700), which means that these five items have good
reliability. Kaiser-Meyer-Olkin (KMO) was 0.806 (>0.700), which means that these five items have
high construct validity.

2.3 Greenspace exposure metrics

It remains unclear which definition of neighborhood size is most appropriate when studying
environmental influences on mental health and related behaviors. Buffers with radii ranging from
0.4 km to 1.0 km have been frequently used, with some evidence suggesting that smaller buffers



may be more appropriate for older adults given their reduced physical capacity (Barnett et al., 2018;
Cerin et al., 2014). Depending on the study focus (e.g., whether related to physical or mental health
responses to greenspace) different buffer distances seem to be used. For example, studies focusing
on mental health were more likely to select buffer distances less than or equal to 300 m (Labib et
al., 2020b). The 300 m radius was derived from an estimate of the average distance older people
would be able to walk comfortably from their homes, based on 10 minutes’ walking time and
findings that older people walk more slowly than the average fit male adult (Burton et al., 2011).
Also, in line with the uncertain geographic context problem, epidemiological findings could be
affected by how the neighborhood size and shape were defined before abstracting greenspace
information (Kwan, 2012; Markevych et al., 2017). So, we selected 300 m, 500 m buffers and
residential neighborhood boundaries to measure the greenspace exposure metrics.

Multiple greenspace measures were derived for each neighborhood, including NDVI (Landsat 8,
30 m resolution), vegetation coverage, park coverage, streetscape greenness, streetscape trees and
streetscape grasses. They were calculated for each neighborhood separately by averaging the scores
for all sampling points within a 300 m and 500m circular buffer around the geographic centroid of
each study neighborhood and within the residential neighborhood boundary. Each of these measures
is described in more detail below. Table 1 shows the calculation method and data source of the

greenspace characteristics.

Table 1 Design and calculation method of urban greenspace metrics

Data
Characteristics Calculation Method Data Sources
Dates
Extracted from remote sensing images
NDVI Landsat-8 images 2019
by software ENVI
Global 30-m land-cover classification with a
Extracted from globe land cover data
Vegetation coverage fine classification system in 2020 2020

by software ArcGIS
(GLC_FCS30-2020)

Calculating coverage rate of parks in
Park coverage The location and shape of parks in Dalian 2019
neighborhoods by software ArcGIS

Extracted from Tencent Street View
Streetscape

data by a fully convolutional neural — Tencent Street View data 2016
greenness/trees/grasses

network

2.3.1 NDVI

To calculate annual NDVI, we used Landsat-8 OLI (Operational Land Imager) and TIRS
(Thermal Infrared Sensor) satellite images at a resolution of 30 m. NDVI is an indicator of overall
greenness based on land surface reflectance of visible (RED) and near infrared (NIR) parts of the
spectrum, calculated as (NIR-RED)/(NIR + RED) (Tucker, 1979). The scale runs from -1 to 1, with
higher numbers indicating more greenness. Annual values are the mean NDVI from all images taken
during 2019 after screening each image for water, snow, shadows, and cloud cover using the cloud
mask band derived from the Fmask algorithm (Zhu and Woodcock, 2012). The final NDVI estimates
were then averaged in each study neighborhood (Barnett et al., 2018). Negative values represent
water, ice, and non-vegetated soil. We converted all negative NDVI values to zero, such that
negative values (which indicates subsets of non-green space) would not offset positive (green)



values in calculating areal averages (Markevych et al., 2017; Reid et al., 2018).
2.3.2 Vegetation coverage and park coverage

Percentage vegetation coverage was based on the land cover data derived from the global 30-m
land-cover product with fine classification system in 2020 (GLC_FCS30-2020), which is publicly
available (http://hdL.pid21.cn/21.86109/casearth.5fbc7904819aeclea2dd7061). GLC _FCS30-2020
product is divided into 30 categories at a spatial resolution of 30 m (Zhang et al., 2021c¢), including
trees, grass, impervious surfaces, water and barren land, etc. Vegetation coverage was estimated by
dividing the total area of all vegetation (i.e., tree, grass, shrub, forest, etc.) in the buffer or residential
neighborhood by the total area of the buffer or residential neighborhood. The map regarding the
location and shape of various parks in 2019 in Dalian was provided by the Dalian Institute of
Planning and Design. Park coverage was determined by dividing the total area of parks in the buffer
or residential neighborhood by the total area of the buffer or residential neighborhood.

2.3.3 Streetscape greenness

To extract street view greenspace from downloaded images, a machine learning approach was
implemented. We utilized a semantic segmentation technique to overcome the limitations of pixel-
wise classifications based on an image's additive colors (e.g., natural and manmade green objects
are indistinguishable) (Larkin and Hystad, 2019; Long et al., 2015). We used a fully convolutional
neural network for semantic segmentation (i.e., the FCN-8s) (Long et al., 2015) to segment the street
view images into common ground objects since deep learning performed well for pattern recognition
tasks (Rawat and Wang, 2017). Fig. 2 depicts the network structure of FCN-8. For a technical
detailed description, see Long et al. (2015), and Rawat et al. (2017). We used annotated images from
the ADE20K scene parsing and segmentation database5 to train the network (Zhou et al., 2019).
The proportion of greenspace (e.g., trees, grass, plants) was determined after obtaining image
segmentations by feeding the street view images into the trained network.
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Fig. 2 Architecture of the fully convolutional network (Long et al., 2015). The attached numbers

refer to a layer’s convolution kernel size.

All streetscape indicators were computed using Tencent Street View images extracted from
Tencent Online Map, which were mainly collected in May and June 2016 (Sun & Lu, 2022).
Sampling points were extracted at 50-meter intervals on roads covering the street view image in
Dalian's main urban area. Streetscape greenness per sampling point represents the rate of the number
of greenness pixels per image summed over the four cardinal directions (90° , 180° ,270° ,360° )
to the total number of pixels per image summed over the four cardinal directions (Dong et al., 2018).
The methods used to calculate streetscape trees and grasses are the same as those used to calculate
streetscape greenness. Finally, averages per circular buffers and residential neighborhoods were



determined (Li and Ghosh, 2018).

2.4 Environmental perceptions

The potential mediators (i.e., perceptions of noise and aesthetics, satisfaction with recreational
opportunities) were assessed through a questionnaire. The questions were informed by relevant
literature (Kothencz et al., 2017; Krajter Ostoi¢ et al., 2017). Perception of noise was assessed with
one item (How quiet is the neighborhood in terms of traffic noise) (Irvine et al., 2009; Szeremeta
and Zannin, 2009), perception of aesthetics with one item (How beautiful is the neighborhood in
terms of visual aesthetics) (Chen et al., 2009; Mansor et al., 2012), and satisfaction with recreational
opportunities with one item (How much does the neighborhood satisfy the function ‘recreational
opportunities in terms of leisure and exercise activities’) (Jim and Chen, 2006; Nasution and Zahrah,
2014). Each environmental perception was scored on a 5-point Likert scale.

2.5 Socio-demographics

Socio-demographic characteristics can affect residents’ mental health (Dong and Qin, 2017,
Triguero-Mas et al., 2015), so multiple covariates data on an individual level were obtained through
the survey. We controlled for the factors suggested by previous studies, including age, gender,
educational level, monthly income level, and years of living at the current address (Besser et al.,
2017). Moreover, pre-retirement occupation and homeownership are important (Zock et al., 2018);
lacking the latter was found a risk factor for mental disorders in the Chinese context (Liu et al.,
2017a). We also considered the number of co-occupants in a household, as single older adults are
high-risk groups for mental health problems (Tsai et al., 2016). Given that physical health affects
mental health (Steptoe et al., 2015), we controlled for the respondent's rating of their physical
functional ability, which was scored on a 5-point Likert scale, ranging from “completely unable to
move by myself” to “able to perform activities completely unrestricted”. Homeownership was
coded into three categories: own, kinsfolks and others. This is to describe who owns the property
residents live in currently. The pre-retirement occupation was coded into three categories: manual
work, intellectual work and other. Manual work is characterized as more closely related to, or
dependent on, physical labor or skills, such as personnel of commerce, catering and service, and
producers of farming, etc. Intellectual work is characterized as more closely related to, or dependent
on the mind or brain, such as employed position at desk, general and middle management and
university professors, etc. Gender, pre-retirement occupation, number of co-occupants, education
level and homeownership were included as dummy variables in the models.

2.6 Statistical analyses

We estimated the relationship between residential greenspace exposure and mental health using
multilevel linear regression models. Since single-level regressions treat the health outcomes of
respondents as independent observations and ignore bias of the hierarchical structure in model
estimates, they will overestimate the statistical significance (Raudenbush and Bryk, 2002). To
examine whether the association of greenspace with mental health could be partially explained by
the perceived environmental factors, we conducted a multi-step mediation analysis (Baron and
Kenny, 1986). Mediation analysis decomposes the effect of greenspace on mental health into a direct
and a mediation (indirect) component as well as a total effect. Fig. 3 shows the analysis framework.
The percentage of mediation was determined by dividing the mediation by the total effect.
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Fig. 3 Analytical framework of this study

The following steps were conducted. First, we identified a direct link between greenspace and
older adults' wellbeing scores. Model 1a included socio-demographics. Models 1b-1h further
contained NDVI, vegetation coverage, park coverage, streetscape greenness, streetscape trees and
streetscape grasses separately. We developed multilevel linear regression models fully adjusted for
socio-demographic variables (Gelman and Hill, 2006) with mental wellbeing scores as the
continuous outcome (Raudenbush and Bryk, 2002). A random intercept was applied to take into
account correlations that arise as a result of respondents being nested in neighborhoods with similar
exposures. Model performance was assessed by the Akaike Information Criterion (AIC). A lower
AIC value indicates better goodness-of-fit (Burnham and Anderson, 2002). An AIC difference of 2
indicates a significant difference between the models (Helbich et al., 2019). Second, we regressed
NDVI on each potential mediator in Model 2a. Similarly, the other greenspace measures were
regressed on each potential mediator separately in Models 2b-2f. Third, models 3a-3d respectively
assessed the associations of the greenspace exposure metrics with mental wellbeing scores,
considering the significant mediators identified in the second step. Sobel tests were conducted to
test the significance of the mediation effect (Sobel, 1982).

We first conducted specific analyses using 500 m buffers. Then, we repeated our analyses using
300 m buffers and residential neighborhood boundaries instead of 500 m buffers when measuring
exposure to greenspace as the robustness test. Statistical analyses were carried out in STATA 15.1.

3 Results

3.1 Characteristics description

Table 2 shows the individual socio-demographic variables and greenspace exposure metrics. At
individual level, slightly more females than males participated in the study and the average age was
73.2 years. 34.7% of the respondents had a high school education or higher and approximately 12.9%
possessed a college-level education. 27.5% of the participants had a monthly income of RMB 2000-
3000 (USD 314.70-472.05). In total, 61.8% of the respondents had been living at their current
address for more than 20 years. The average mental wellbeing score of the 879 respondents was
12.75 and the standard deviation was 2.92. In our sample, 72.1% of the older adults were aged 65
and over, compared to 68.3% in Dalian census data. Furthermore, 46.2% of our sample was male,
compared to 47.6% in the census data (Dalian Municipal Bureau of Statistics, 2021). This indicates
that regarding age and gender, our study sample is representative for the older population in Dalian.

At environmental level in Table 2, all the greenspace metrics were between 0 and 1. The highest



average in all metrics was streetscape greenness score, which was 0.18 (SD+0.06). The average
NDVI score was 0.07 (SD £ 0.01), while the park coverage score was 0.06 (SD + 0.06). The standard
deviation of vegetation coverage is 0.12, indicating a large difference in greening level between
neighborhoods. Fig. 4 shows the various characteristics of the greenspace exposure metrics.

Table 2 Descriptive statistics for individual- and environmental-level variables

Mean (SD) / N (%)
Individual-level variables (n=879)

Age (years)

60-70 394(44.82%)

71-80 293(33.33%)

81+ 192(21.84%)
Gender

Male 406(46.19%)

Female 473(53.81%)
Pre-retirement occupation

Intellectual work 314(35.72%)

Manual work 505(57.45%)

Other 60(6.83%)
Education level

Primary school or lower 300(34.13%)

Middle school 274(31.17%)

High school 192(21.84%)

College/university 113(12.86%)
Number of co-occupants

1 116(13.20%)

2 388(44.14%)

3 and more 375(42.66%)
Monthly income level

RMB 0-1000 (USD 0-157.35) 116(13.20%)

RMB1001-2000 (USD 157.51-314.70) 63(7.17%)

RMB2001-3000 (USD 314.86-472.05) 242(27.53%)

RMB3001-4000 (USD 472.21-629.41) 242(27.53%)

RMB4000+ (USD 629.41+) 216(24.57%)
Homeownership

Own 571(64.96%)

Kinsfolks 261(29.69%)

others 47(5.35%)
Years of living at current address

10-15 169(19.23%)

16 -20 167(19.00%)

20+ 543(61.77%)
Physical function (range=0-4) 2.54(0.98)

Environmental perceptions




Noise (range=0-4) 2.45(1.00)

Aesthetics (range=0-4) 2.37(1.02)

Satisfaction with recreational opportunities (range=0-4)  2.32(0.85)
Mental wellbeing (range=0-20) 12.75(2.92)

Environmental-level variables (n =61)

NDVI (range=0.05-0.11) 0.07(0.01)
Vegetation coverage (range=0.01-0.60) 0.12(0.12)
Park coverage(range=0.00-0.26) 0.06(0.06)
Streetscape greenness(range=0.09-0.39) 0.18(0.06)
Streetscape trees(range=0.06-0.32) 0.16(0.05)
Streetscape grasses(range=0.00-0.03) 0.01(0.01)
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Fig. 4: Greenspace exposure metrics in Dalian: (A) 2020 land coverage with 30-meter resolution
(GLC_FCS30-2020) (B) Parks distribution in Dalian (C) NDVI (D) Streetscape greenness

Table 3 shows the correlations between greenspace assessments. While most of the correlations
were positive, some patterns were noticeable. Streetscape greenness and streetscape trees had the
highest correlation (B=0.97) because trees are a major part of streetscape greenness. Also, between
NDVI and vegetation coverage a high correlation was present (=0.73). Park coverage was not



significantly correlated with streetscape greenness and streetscape trees.

Table 3 Correlation matrix of greenspace measures

NDVI Vegetation  Park Streetscape  Streetscape  Streetscape
coverage coverage greenness trees grasses
NDVI 1.00
Vegetation coverage ~ 0.73™" 1.00
Park coverage 0.20" 0.18™ 1.00
Streetscape greenness  0.40"" 0.19"" -0.03 1.00
Streetscape trees 0.27"" 0.11* -0.09 0.97"* 1.00
Streetscape grasses 0.49"" 0.16"" 0.27*" 0.35"" 0.19"* 1.00

Note: *p <0.10; **p <0.05; ***p <0.01.

3.2 Multilevel regression models

The neighborhood-level intra-class correlation of the null model was 0.17. This indicates that
wellbeing scores are moderately clustered within the neighborhood, which demonstrates the validity
of the multilevel approach. Table 4 displays the results of multilevel regression models. Adding
variables of greenspace exposure metrics (Model 1b-1h) respectively to Model 1a led to a decrease
in AIC scores and thus an improvement in model goodness-of-fit. The adjusted model with NDVI
(Model 1b) had the lowest AIC score, followed by the models with vegetation coverage, streetscape
grasses and park coverage. The refitted models with variables derived from street view data
performed worse than with the NDVI (Models 1b) and vegetation coverage from GlobeLand30
remote sensing data (Models 1c¢) as indicated by notable AIC differences. Remarkably, the adjusted
model with streetscape grasses (Model 1h) had a lower AIC score (and thus a better model fit) than
the models with streetscape greenness (Models 1¢) and streetscape trees (Models 11).

Table 4 Results of multilevel regression models

Null model Model 1a Model 1b Model 1¢ Model 1d Model le Model 1f Model 1h
Variable
Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE)
Fixed effects
Socio-economic characteristics (individual
level)
Age 0.03"(0.01)  0.037"(0.01)  0.03™7(0.01) 0.03"(0.01)  0.037(0.01)  0.037"(0.01)  0.03" (0.01)
Gender (ref: male) 0.10 (0.14) 0.10 (0.14) 0.11 (0.14) 0.11 (0.14) 0.10 (0.14) 0.10 (0.14) 0.11 (0.14)
Pre-retirement occupation (ref: head -0.12 (0.19) -0.11 (0.19) -0.11 (0.19) -0.12 (0.19) -0.12 (0.19) -0.12 (0.19) -0.13(0.19)
work)
Education level (ref: primary school or
lower)
Middle and high school -0.03 (0.25) -0.04 (0.25) -0.03 (0.25) -0.02 (0.25) -0.03 (0.25) -0.03 (0.25) -0.04 (0.25)
College/university 0.16 (0.23) 0.15 (0.23) 0.15(0.23) 0.17(0.23) 0.16 (0.23) 0.16 (0.23) 0.15(0.23)
Number of co-occupants (ref: 1)
2 0.21 (0.18) 0.19 (0.18) 0.22 (0.18) 0.21(0.18) 0.21 (0.18) 0.21(0.18) 0.20 (0.18)
3+ 0.55"7(0.19) 0.52"7(0.19) 0.55"7(0.19)  0.55"7(0.19) 0.55°(0.19) 0.55°(0.19) 0.54"°(0.19)

Monthly income level 0.06 (0.08) 0.05 (0.08) 0.06 (0.08) 0.06 (0.08) 0.06 (0.08) 0.06 (0.08) 0.06 (0.08)



Homeownership (ref: not own) 0.27°(0.16) 0.30°(0.16) 0.28"(0.16) 0.28(0.16) 0.28" (0.16) 0.28°(0.16) 0.29°(0.16)

Years of living at current address -0.02" -0.02" -0.02"" -0.02"" -0.02"" -0.02"" -0.02""
(0.01) (0.01) 0.01) 0.01) 0.01) 0.01) 0.01)
Physical function 0.16™(0.04) 0.177(0.04) 0.16™(0.04) 0.17"7(0.04) 0.17""(0.04) 0.177"(0.04) 0.16™"(0.04)
Characteristics of greenspace

Cneighborhood level)
NDVI 2.28"(1.02)
Vegetation coverage 1.06™ (0.45)
Park coverage 0.73"(0.43)
Streetscape greenness 0.25 (0.84)
Streetscape trees 0.16 (0.78)
Streetscape grasses 1.02° (0.61)

Constant 10.56™°(0.13)  7.1877(0.95) 5,657 (1.05) 6.92"(0.92) 7.08™ (0.96) 7.057°(0.97)  7.0977(0.98)  6.9977(0.94)

Random effects

ICC 16.87% 14.10% 12.53% 13.21% 13.88% 14.32% 14.32% 13.70%
Var (Neighborhood-level constant) 0.70 0.55 0.48 0.51 0.54 0.56 0.56 0.53
Var (individual level) 3.44 335 335 335 335 335 335 3.34
AIC 3232.20 3229.43 3219.79 3223.55 3225.36 3226.03 3226.24 3223.76

Note: *p < 0.10; **p < 0.05; ***p < 0.01; ref = reference category; The specific model (the explanatory variable at the neighborhood level corresponding to the
model): Model 1b (NDVI), Model 1c (Vegetation coverage), Model 1d (Park coverage), Model le (Streetscape greenness), Model 1f (Streetscape trees), Model

1g (Streetscape grasses).

We observed a statistically significant and positive association of NDVI and vegetation coverage
with mental wellbeing (p < 0.05) (Model 1b and lc), and a marginally significant positive
association of park coverage and streetscape grasses with wellbeing (p < 0.10) (Model 1d and 1h).
In contrast, streetscape greenness and streetscape trees had no significant correlation with mental
wellbeing, although AIC scores of the model improved compared to the null model.

Adding variables of exposure to greenspace did not alter the significance levels of the covariates
(Model 1a-1h), although the coefficients changed slightly. Some of the covariates were statistically
significant (model la). Older age was positively associated with wellbeing (p < 0.01). Longer
duration of living at the current address was negatively correlated with wellbeing (p < 0.01). Living
with 2 or more people was positively correlated with wellbeing, compared with living alone (p <
0.01). Having higher physical functional ability was associated with higher wellbeing scores among
the older adults (p < 0.01). We found no evidence that gender, personal income, pre-retirement
occupation, and education level were significantly related to older adults’ mental wellbeing.

3.3 Mediating effects of environmental perceptions

Table 5 shows the results of regressing greenspace metrics on the mediators. In models 2a, 2b,
2c, 2f, greenspace metrics were positively related to all environmental perceptions (potential
mediators). Streetscape greenness and streetscape trees had no association with most potential
mediators. We observed that NDVI and vegetation coverage were positively associated with noise
(p<0.01), while park coverage was only marginally significantly associated with noise (p<0.10).
Although both streetscape trees and streetscape grasses were derived from street-view images, large



differences in the associations with the environmental perceptions were found.

Table 5 Results of regressing greenspace metrics on potential mediators

Noise Aesthetics Satisfaction with recreational opportunities
Greenspace metrics
Coef. (SE) Coef. (SE) Coef. (SE)
Model 2a (NDVI) 2,177 (0.25) 1.64™ (0.26) 0.75™" (0.22)
Model 2b (Vegetation coverage) 1.227"(0.15) 1.177(0.16) 0.34™ (0.13)
Model 2¢ (Park coverage) 0.34"(0.19) 0.63™" (0.20) 0.30™ (0.15)
Model 2d (Streetscape greenness) 0.46" (0.27) 0.39 (0.27) -0.01 (0.23)
Model 2e (Streetscape trees) 0.12 (0.24) 0.21 (0.25) 0.03 (0.20)
Model 2f (Streetscape grasses) 0.79" (0.18) 0.60™" (0.19) 0.36™ (0.15)

Note: *p < 0.1; **p < 0.05; ***p < 0.01; Model 2a (NDVI), Model 2b (Vegetation coverage), Model 2¢ (Park coverage), Model 2d (Streetscape greenness),

Model 2e (Streetscape trees), and Model 2f (Streetscape grasses) means regressing respective greenspace metrics as explanatory variables on potential mediators.

Table 6 presents the unstandardized direct, indirect, and total effects of greenspace exposure
metrics on wellbeing scores. As streetscape greenness and streetscape trees had no association with
wellbeing scores and most mediators (Table 4 and 5), no further examination of potential mediating
effects was done. The indirect effects of NDVI, vegetation coverage and streetscape grasses on
mental wellbeing scores through noise, aesthetics and satisfaction with recreational opportunities
were all significant. This indicates that these three mediators mediated the associations of NDVI,
vegetation coverage and streetscape grasses with wellbeing scores. However, only aesthetics and
satisfaction with recreational opportunities mediated the association between park coverage and
mental wellbeing scores. Through comparing the differences between parallel mediating pathways
in the association of NDVI with older adults’ mental health, we observed that the mediating effect
of satisfaction with recreational opportunities (B=1.32) was significantly stronger than the mediating
effect of noise (B=0.61) and aesthetics (f=0.39). Also, in the association of streetscape grasses with
mental wellbeing scores, the mediating effect of satisfaction with recreational opportunities (8=0.63)
was significantly stronger than that of aesthetics (B=0.14). Satisfaction with recreational
opportunities was the most crucial mediating variable in all models and this pathway accounted for
respectively 56.9%, 48.8%, 67.9% and 63.6% of the total indirect effects in Models 3a, 3b, 3c, 3d.

Table 6 Results of mediating effects models

Specific indirect effects (mediators tested all-at-a-time)

Total effect Satisfaction with Direct effect
Greenspace measures Noise Aesthetics
recreational opportunities

Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE)
Model 3a (NDVI) 2.42" (0.51) 0.617 (0.13) 0.39" (0.10) 1.327(0.37) 0.11 (0.28)
Model 3b (Vegetation coverage) 1.237(0.32) 0.35"" (0.08) 0.28™" (0.06) 0.60™" (0.22) -0.01 (0.18)
Model 3¢ (Park coverage) 0.60" (0.39) 0.10 (0.07) 0.15™ (0.05) 0.53" (0.28) -0.19 (0.20)
Model 3d (Streetscape grasses) 1.22"(0.37) 0.22" (0.06) 0.14™ (0.05) 0.63™ (0.26) 0.23 (0.19)

Note: *p < 0.1; **p < 0.05; ***p < 0.01; Model 3a (NDVI), Model 3b (Vegetation coverage), Model 3¢ (Park coverage), and Model 3d (Streetscape grasses)

means putting respective greenspace metrics into mediating analysis with three mediators.



3.4 Robustness checks

The results of the robustness check were overall consistent with what is displayed in Table 4-6
(results available in the supplementary document). The only difference was that park coverage
within the residential neighborhood boundaries had no positive association with older adults’ mental
wellbeing. We speculate that considerable portions of the parks were within the circular buffers but
not within residential neighborhood boundaries, which may contribute to the discrepancies in results.
The associations of other greenspace metrics with mental wellbeing were consistent with previous
models and the order of AIC scores did not change when excluding park coverage within residential
neighborhood boundaries. The above shows that overall, our observed results were robust.

4. Discussion

We investigated the associations of multiple greenspace exposure metrics derived from Street
view, land use and satellite data with older adults’ mental health using a cohort from Dalian. Our
finding showed that greenery in the overhead view, including NDVI, vegetation coverage and park
coverage, correlates positively with older adults’ mental wellbeing to varying degrees, which
corresponds with findings reported elsewhere (Triguero-Mas et al., 2015; Wang et al., 2021; Zhang
et al., 2021b). Although the application of street view data is gaining attention (Middel et al., 2019;
Rzotkiewicz et al., 2018), only a few studies assessed associations between streetscape greenness
and mental health indicators (Helbich et al., 2019; Wang et al., 2021; Wang et al., 2019b; Zhou et
al., 2020), and results have not been consistent (Helbich et al., 2021; Wang et al., 2020). Therefore,
we investigated the effect of streetscape greenery on older adults’ mental wellbeing in a Chinese
second-tier city, emphasizing the distinction of street vegetation types. A novel finding that emerged
from this study, is the following: streetscape grasses were positively associated with mental
wellbeing in older adults but streetscape trees were not. Notably, greenspace exposure metrics in
overhead view had a stronger association with older adults’ mental wellbeing than street view
exposure metrics in our study. Furthermore, the second aim of this paper was to examine the
mediating role of perceptions of noise, aesthetics, and satisfaction with recreational opportunities in
the association of greenspace measures with mental health. The results showed that these
mechanisms can explain the associations of multiple greenspace measurements with older adults’
mental health to a certain extent, and satisfaction with recreational opportunities was the strongest
mediator.

Below, we discuss and compare three sets two similar indicators assessed from a different
perspective: Vegetation coverage and park coverage; greenness in overhead view and street view;
streetscape trees and streetscape grasses. Furthermore, we discuss the contribution of the three
examined mediators to provide empirical evidence for the selection and prioritization of greenspace
planning indicators in Chinese second-tier cities.

Although both park coverage and vegetation coverage were derived from overhead view images,
park coverage was less strongly associated with mental health than vegetation coverage. This is not
in line with previous studies, showing that park quantity and usage can have significant positive
effects on mental health (Esther H.K et al., 2017; Lai et al., 2020). Vegetation coverage in the
neighborhood was also found to be associated with mental health in previous studies (Su et al., 2019;
Zhang et al., 2021a). Regarding the comparison of the two metrics, a similar conclusion is reflected
in another study (Zhang et al., 2021a). Zhang et al. (2021) found that canopy coverage showed a
stronger association with mental health than park area at the adjacent spatial scale (a 100 m buffer



zone surrounding residence) in adults because the sum of visual greenness around the residence
played a more important role in promoting mental health. Conversely, Yang et al. (2021) found
distance to parks to be more strongly related to mental health than vegetation quantity (Liu et al.,
2017a; Yang et al., 2021).

The mediation analyses showed that perceptions of noise and aesthetics, as well as satisfaction
with recreational opportunities, mediated the association of vegetation coverage with mental
wellbeing, while only aesthetics and satisfaction with recreational opportunities mediated the
association between park coverage and wellbeing scores. Park coverage may mainly reflect
opportunities for social gathering and activities and may not be directly related to noise perceptions
compared with overall greenery in the neighborhood (Zhang et al., 2021a), so this may explain why
the mediating effect of noise was not significant. Preliminary evidence shows that greenspace
exposure is related to the improvement of mental wellbeing through noise reduction (Wang et al.,
2020). Therefore, the absence of the mediation pathway of noise abatement may be part of the reason
for the discrepancy in the strength of associations of vegetation coverage and park coverage with
mental wellbeing.

Moreover, the weak association of park coverage with mental wellbeing could also be attributed
to the low-level actual visitation of parks. Existing research indicated that the restorative effects of
greenspace are dependent on actual engagement at various activity sites (Dzhambov et al., 2018;
Tyrviinen et al., 2014). Yang et al. (2021) found that mainly the quality of greenery in the park had
a strong association with the total number of park visitors. It seems that the mere ‘presence’ of parks
is not sufficient to attract residents to visit them. Due to physical conditions and retirement, older
adults often have a limited travel range (Barnett et al., 2018; Burton et al., 2011). Many of them are
reluctant to travel long distances to reach the park (Byrne and Wolch, 2009; Zlender and Ward
Thompson, 2017), resulting in low numbers of older adult visitors in some parks. In our interviews
with older adults, we learned that many older adults preferred to communicate, play cards and play
chess with familiar neighbors in the small leisure places with vegetation around the residence. That
may explain the stronger correlation between vegetation coverage and mental wellbeing.

In this study, greenspace exposure metrics in overhead view derived from satellite data had a
stronger association with older adults’ mental wellbeing than those derived from street view images.
The association of greenspace measured in overhead view such as NDVI and vegetation coverage
with mental health has been confirmed in most previous studies (Liu et al., 2019c¢; Reid et al., 2018;
Wang et al., 2021). However, evidence regarding the association of streetscape greenness with
mental health outcomes is not uniform. Our findings showing no association between streetscape
greenness and mental wellbeing contrast with those of a study in adults in Guangzhou (Wang et al.,
2019a) and one among older adults in Beijing (Helbich et al., 2019), China where the association
between streetscape greenness and depression was statistically significant in a few larger
administrative areas. Similar to our findings, a previous study in the Netherlands found no
association between streetscape greenness and adults’ mental health (Helbich et al., 2021).

Possible explanations for the absence of an association between streetscape greenness and mental
wellbeing, and the contradicting findings compared to the studies conducted in larger cities in China,
are the following: First, we speculate that the species, age and number of street trees varies limitedly
between neighborhoods in Dalian. The absence of an association with mental wellbeing could be
due to a tiny difference in streetscape greenness between buffers, which implies that statistical power
may be insufficient to detect associations (Kothencz et al., 2017). Second, this disparity in



associations could also be attributed to differences in the size and shape of the geographical context
(Helbich et al., 2021; Reid et al., 2018). The average neighborhood size in the study conducted in
Beijing was 2.1 km? which is much larger than our study neighborhoods (mean=0.28 km?). Third,
the target group in the Guangzhou study were adults rather than older adults which may result in the
discrepancy in conclusions, as older adults differ significantly from adults in terms of travelling
tracks, psychological state and environmental exposure (Kerr et al., 2012). Fourth, the discrepancy
in questionnaires used to assess mental health indicators may also contribute to the contrasting
conclusions between studies. We assessed mental health originating from the WAVE 1’ dataset
designed by WHO (SAGE team, 2013). However, mental health was measured by the five-item
WHO Wellbeing Index (WHO-5) (Heun et al., 2001) in the study in Guangzhou. The assessment of
mental health in the study in Beijing was carried out with the self-rated Geriatric Depression Scale
(GDS-15) (Sheikh and Yesavage, 1986).

Streetscape trees were not associated with older adults’ mental health in our study. Previous
studies on the association between greenspace and mental health that distinguish vegetation types
have focused on overhead view, missing investigations regarding street view images. Several studies
focused exclusively on exposure to trees and documented associations with a lower prevalence of
depression and stress among adults (Beyer et al., 2014; Taylor et al., 2015). The reasons for the
discrepancy in conclusions might be similar to the reasons elaborated on when explaining the lack
of associations detected for streetscape greenness, as streetscape trees account for the majority of
streetscape greenness, which is visible in the high correlation between the two measures. Besides,
trees may also have different psychological effects depending on the area where they are located.
Taylor et al. (2017) found that trees in parks were more strongly associated with health outcomes
than trees on the road, whereas we only focused on trees on streets.

Nonetheless, streetscape grasses had a significant association with older adults’ mental health in
this study. It was also verified that streetscape grasses were related to mental health by pathways of
noise, aesthetics and satisfaction with recreational opportunities in the mediating analysis. Tsai et
al. (2016) revealed that grasses along the roads could provide places and opportunities for
recreational activities, which validates the potential positive association of streetscape grasses with
mental health indicators. Meanwhile, we speculate that more streetscape grasses often entail the
presence of a fairly decent greenery environment with lawns or squares. Such environments are
often environments where residents with a high income live. It has been verified in previous studies
that residents with relatively higher household incomes are more likely to be satisfied with life and
have higher levels of mental wellbeing (Vemuri et al., 2009; Wu et al., 2019).

Satisfaction with recreational opportunities had stronger mediating effects than perceptions of
noise and aesthetics in the associations of greenspace exposure metrics with older adults' mental
health. There are some possible explanations for these observations. More recreational opportunities
in greenspace can encourage health-enhancing behaviours which can improve negative
psychological status (e.g., anxiety, depression) and alleviate stress and tension (Casado-Arzuaga et
al., 2013). Visitors to greenspace can directly experience psychological benefits through relaxation
and physical activity (Tyrviinen et al., 2007). Although noise abatement and aesthetics services are
usually correlated with restorative function, they appeared to be not apparent and directly "tangible"
for enhancing older adults’ pleasurable experience and mental wellbeing (Kothencz et al., 2017).
That leaves older adults unaware of the mental benefits of greenspace through noise abatement and
increased aesthetics. Furthermore, the greenspace in the study area was mainly scattered rather than



concentratedly arranged which also weakens the function of noise abatement and aesthetics services
(Klingberg et al., 2017), while greenspace with a scattered layout probably less strongly suppress
recreational activities.

The current findings have practical implications. First, the different associations of diverse
greenspace exposure metrics with older adults’ mental wellbeing provide evidence for the use and
prioritization of greenspace planning indicators in a local area or specific city. Specifically, at the
quantitative indicator levels, NDVI and vegetation coverage still are the most reliable indicators
when creating psychological health-friendly greenspace in Dalian according to our conclusions.
This also provides evidence for similar Chinese second-tier cities. One of the reasons why NDVI
may be a better metric is that NDVI takes into account all vegetation types and their health, whereas
the other metrics only account for a sub-set of vegetation or do not reflect vegetation health. Second,
during neighborhood planning and construction phase, local government, policymakers, and
relevant personnel should fully recognize the inadequacy of a single greenspace indicator for
greenspace planning. A multi-dimensional greenspace indicator system needs to be developed,
covering overhead view, eye-level view and vegetation types, and considering the health benefits of
different perspectives and different types of greenspace. Third, professionals should avoid directly
adopting the experience of other cities and need to tailor the approach to the local context and the
city combined with specific study results. For instance, selecting streetscape greenness as a
greenspace exposure metric to assess associations with mental health is not applicable in all cities,
due to discrepancies in geography and size. Forth, given the strongest mediating role of satisfaction
with recreational opportunities, community or neighborhood administrators should highlight the
importance of recreational opportunities when greenspace in residential areas is designed, and the
emphasis should not solely be put on improving greenspace quantity. These findings are helpful for
evidence-based planning strategies and can provide guidelines for designing greenspace and
neighborhood landscapes which can further contribute to ageing in place policies.

4.1 Strengths and limitations

We attempted to systematically compare associations of different objective greenspace metrics
with older adults’ mental wellbeing. The first strength of our study was that greenspace was
measured from street view images (streetscape trees and streetscape grasses) and land use
classification (park coverage) besides remote sensing (NDVI and vegetation coverage). The use of
diverse measures is an advancement compared to previous studies, which were often restricted to
earth observation data that was frequently of limited resolution (Gascon et al., 2018; Reid et al.,
2018). Instead of labor-intensive and time-consuming neighborhood audits, a large volume of street
view images combined with an efficient segmentation algorithm allowed us to identify greenspace
and vegetation types more efficiently and accurately. Second, instead of focusing on Chinese
metropolises, a critical aspect is the selection of a Chinese second-tier and highly ageing city.
However, transferring and generalizing our conclusions to other areas needs further verification.
Third, our random sampling strategy provided a representative sample of older adults in Dalian,
improving generalizability and reducing selection bias.

However, our study still had several limitations. First, the method we have chosen to calculate
streetscape greenspace has some drawbacks. First, the methodology is inadequate for capturing eye-
level greenness visibility exposure at high spatial resolutions for observers located on the ground
(Zhu et al., 2021). Second, as streetscape greenspace is a point-based estimation, and when



aggregated at an area level by mean or median, it is sensitive to the location of sampled sites,
overweighing the values of densely located sites (Kumakoshi et al., 2020). Third, street-only
greenness visibility values are not fully representative of total neighborhood visibility due to the
under-representation of visible greenness in locations such as backyards and community parks
(Labib et al., 2021). A second limitation of the study is the fact that the season in which the street
view images are taken impacts the performance of the streetscape greenspace measures (Xia et al.,
2021). However, street view images are not updated frequently. Our images did not match exactly
with the questionnaire survey data which may cause some bias in the conclusions. Third, although
we chose multiple neighborhood sizes and shapes based on the elderly's daily travel scope (Liu et
al.,2019b; Su et al., 2019), they still cannot accurately reflect actual exposures along with residents'
daily mobility (Helbich, 2018) because of the lack of physical activity and travel data and limitations
of the neighborhood calculation method (without using residential address). Better estimates of
actual greenspace exposures and greenspace use that incorporate time-activity patterns will be an
important focus of future studies. Fourth, self-selection continues to be an issue due to a lack of
information on older adults’ attitudes toward and motivations for choosing a residential
neighborhood (Zhang, 2014). Fifth, we were unable to determine causation between greenspace
exposure and mental health because of cross-sectional data. Sixth, accessibility to greenspace was
not included in this study. Accessibility measures can capture important aspects of public
availability and access to greenspace for recreation and physical activity (Jarvis et al., 2020a; Jarvis
et al., 2020b; Labib et al., 2021). Seventh, potential pathways linking greenspace to mental health
also include reducing exposure to air pollution and heat, attention restoration, physiological stress
recovery, encouraging physical activity and facilitating social cohesion, which were not included in
our analysis (Dzhambov et al., 2018; Markevych et al., 2017).

5 Conclusions

This study provides empirical evidence regarding the association and pathways linking
greenspace to the mental health of older adults in a Chinese second-tier city. When combined with
deep learning, street view data provides a valuable tool for automated environmental assessments
of physical streetscapes. Results from multilevel models and mediation analysis show that
greenspace exposure metrics in overhead view and street view partly are, to varying degrees,
positively associated with older adults' mental wellbeing. In these associations, satisfaction with
recreational opportunities had a stronger mediating effect than noise and aesthetics. Our findings
support the development of a multi-dimensional greenspace indicator system covering overhead
view data, eye-level view data, and different vegetation types when creating psychological health-
friendly environments. It is also important to acknowledge that associations with mental health vary
within and between cities and attention should be paid to the provision of recreational opportunities

when making greenspace planning.
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