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Abstract: The connection between urban greenspace and 
mental health is a robust but unsettled area of research in 
the public health and urban planning literatures. Incon-
sistent findings in prior studies are mostly due to differ-
ences in greenspace measurements and interrelations 
with socio-demographic factors. This study examines the 
relationships of mental health prevalence (MHP) with 
health prevention, socioeconomic and race-ethnicity 
factors, and proximity to greenspace at the census-tract 
level in the City of San Diego, California, using data from 
the CDC 500 Cities Project and US Census Bureau. We con-
sidered three greenspace proximity measures: distances 
to specified vegetation types, parks, and tree cover. Spear-
man’s rank correlation showed that MHP was significantly 
correlated to distances to greenspace (rho = 0.480), parks 
(rho = 0.234), and tree cover (rho = 0.342), and greenspace 
proximity plus crime occurrence explained 37.8% of the 
variance in MHP in regression analysis. Further analysis 
revealed that socioeconomic status, race-ethnicity, and 
health prevention explained more than 93% of the vari-
ance in MHP, while greenspace proximity did not enter the 
regression model with statistical significance. We discov-
ered that certain socioeconomic and race-ethnicity varia-
bles, such as proportion of Hispanic population, poverty, 
and regular checkup, may fully represent the effects of 
greenspace on MHP in the City of San Diego. Regression 

analysis for three subsections of the city suggested that 
different predictors of MHP should be considered in for-
mulating intervention measures. Our results indicate the 
need to improve mental health conditions through a range 
of interventions that address the disparities experienced 
by racial-ethnic minorities and those in lower-socioeco-
nomic classes.

Keywords: mental health prevalence, proximity to green-
space and parks, socioeconomic status, racial-ethnic 
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1  Introduction
There has been an increasing interest in understanding 
how the environment and human health are intercon-
nected. Mental health is fundamental to human health 
and includes one’s emotional, psychological, and social 
well-being [1]. According to the Centers for Disease Control 
and Prevention (CDC), mental illnesses are some of the 
most common health conditions in the United States (US) 
[1]. It has been estimated that more than 50% of people 
will be diagnosed with a mental illness in their lifetime 
[1]. Mental health and mental illness are points on a con-
tinuum with poor mental health lying somewhere in the 
middle [2]. There are many factors that can contribute to 
mental illnesses, including genetics, early adverse life 
experiences, and experiences related to chronic medical 
conditions [1]. Studies have suggested significant links 
between mental health and the built environment, includ-
ing mental illness symptoms such as depression and 
anxiety and urban greenspace, but with mixed results 
[3–9]. This study examines mental health condition prev-
alence in relation to greenspace accessibility and socioec-
onomic and demographic factors, such as race-ethnicity. 
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The study site is the City of San Diego, with a population of 
1.4 million [10], with a unit of analysis at the census-tract 
level. Through our study, we hope to contribute to a deeper 
understanding of the extent to which the spatial distribu-
tion pattern of mental health conditions is influenced by 
accessibility to greenspace, socioeconomic factors, and 
race-ethnicity factors.

Urban greenspace broadly refers to open space with 
natural vegetation, including parks, gardens, yards, and 
urban forests [11], which can provide a place for social 
interactions and recreational activities to occur [3]. There 
is evidence that a positive relationship between greens-
pace and mental health exists, with evidence showing that 
greenspace can encourage social interaction, exercise, 
and provide a calming environment [12]. However, while 
the idea of greenspace and its associated positive benefits 
has been embraced by policymakers, organizations, and 
residents [4], the empirical evidence has been mixed [3–9]. 
Prior studies have presented conflicting results or have 
found no association between specific outcomes such as 
mental health and greenspace [3,5]. Studies in different 
geographical locations have found different associations 
between greenspace and a variety of health outcomes, 
suggesting that the relationship is dependent on environ-
mental, cultural, and social contexts [3,6]. Additionally, 
studies have suggested that failing to acknowledge various 
neighborhood factors can potentially mislead conclusions 
concerning the greenspace-health relationship [7–9].

The rest of the paper examines a brief history of 
studies that have examined the relationship between 
urban greenspace and health, along with other factors 
that have been linked to mental health. The ‘Data and 
methods’ section presents the study area and the data 
sources analyzed, while the findings are presented in the 
‘Results’ section. The ‘Discussion’ contains further exami-
nation of the findings with an in-depth examination of the 
limitations of this study.

1.1  A brief examination of the study site

We selected the City of San Diego as a case study for a 
variety of reasons. First, it is the second largest city in 
California and the eighth largest in the US with a rapidly 
growing and diverse population [10,13]. Additionally, due 
to its proximity to the busiest international border in the 
US, many residents of San Diego are “bi-national” in the 
sense that labor, commerce, and social activities criss-
cross daily across the border [10]. Additionally, the County 
of San Diego has had the highest number of refugee arriv-
als in California for the past five years contributing to a 

more diverse but potentially underserved population [14]. 
The foreign-born population in San Diego, including both 
immigrants and refugees, represents 27.1% of the city’s 
total population [15]. Finally, the unique geography of the 
City of San Diego, with its proximity to beaches and coast-
line, along with canyons, hiking trails, and other vegeta-
tion may serve to moderate the socioeconomic challenges 
facing the city and thus serves as an ideal case for this 
study.

1.2  The relationship between greenspace 
and mental health

Previous studies on the relationship between greens-
pace and mental health find mixed empirical results. One 
explanation for this variation in findings is that previous 
studies examined different measurements of greenspace, 
which were investigated at various spatial scales. For 
example, many studies examined the “greenness”, or rel-
ative density and condition of vegetation in an area, which 
is commonly measured using the normalized difference 
vegetation index (NDVI) [5,7,9]. Measuring greenspace 
through greenness based on remote sensing data is a very 
common method [5]. A study conducted for the 496 major 
cities in the US found that cities with higher greenness 
had lower rates of poor mental health prevalence (MHP) 
[7]. Further, a study based in Wisconsin in the US found 
that a 25% higher NDVI was associated with a decrease in 
depression (p < 0.01) and anxiety (p < 0.05) [16].

Tree canopy cover or tree cover density has also been 
examined extensively in previous studies. Tree canopy 
cover data has been obtained from many various sources, 
and to our knowledge, there is not one specific database 
that was used consistently [7,16,17]. Overall, tree canopy 
cover was used to represent specific vegetation types 
such as trees or other forested environments — besides 
what is measured through NDVI or other greenness meas-
ures — and how they might be impactful on health [8,16]. 
For example, a study conducted in Australia found that 
increased tree canopy cover was associated with lower 
rates of mental distress [17]. On the other hand, Brown-
ing and Rigolon [7] used tree cover, in addition to NDVI, 
but found no significant relationship between tree canopy 
cover and mental health conditions, contradicting to their 
conclusion based on NDVI, and contradicting also to the 
results from the study mentioned above [16].

Another measure of greenspace is the proximity to 
greenspace [5]. Dzhambov et al. [9] found that distance 
to or access to the nearest greenspace was the third most 
common greenspace measure, examined in 19 (17.9%) 
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out of the 106 studies reviewed. Nutsford et al. [3] found 
that decreased distance to usable greenspace was associ-
ated with decreased anxiety and mood disorders. In con-
trast, other studies have used Euclidean distance to the 
nearest urban greenspace, including park, allotment, or 
recreational ground, but have found no direct association 
to mental health [8]. A cross-sectional study in Bulgaria 
found that there was no direct association between mental 
health and exposure to urban greenspace represented by 
all three greenspace measurements previously discussed, 
including NDVI, tree cover density, and Euclidean dis-
tance to urban greenspace [8].

1.3  Other factors of MHP

Many factors influence an individual’s or community’s 
mental health conditions and overall health outcomes due 
to dramatic health inequities in the US [7]. Socioeconomic 
and demographic factors, such as income, employment, 
gender, education, and race-ethnicity are well studied 
factors that influence mental health [18]. For example, it 
has been found that communities of color have less access 
to mental health services and receive lower quality care 
[2]. Although there are similar rates of mental disorders 
between communities of color and White communities, 
due to the lower utilization and poorer care that commu-
nities of color receive, the Office of the Surgeon General 
has estimated that communities of color have higher 
mental health needs [2].

When socioeconomic and demographic factors were 
included in studies examining the greenspace-health rela-
tionship, the effects of greenspace accessibility on health 
may be obscured or modified. For example, Lanza et al. 
[19] examined the census tracts of 25 US cities based on 
race, ethnicity, and income to understand how demo-
graphics moderated the relationship between vegetation 
and physical activity. It was found that there were mixed 
results between tree canopy cover and physical activ-
ity based on the census tract types, with Hispanic and 
low-income census tracts exhibiting increases in physi-
cal activity when tree canopy cover increased, but Black 
and low-income tracts and White and high-income tracts 
exhibiting decreases in physical activity when tree canopy 
cover increased. In contrast, there was a negative associa-
tion between non-tree vegetation and physical activity in 
which a 10% increase in non-tree vegetation resulted in a 
decrease in physical activity for all census tracts regard-
less of demographics [19]. Additionally, Browning and 
Rigolon [7] found that race and ethnicity moderated the 
greenspace-health link. For example, it was found that in 

US cities with a greater percentage of non-Hispanic White 
residents, higher tree canopy cover was correlated with 
lower obesity rates; however, in US cities with smaller 
percentages of non-Hispanic White residents, higher tree 
canopy cover was correlated with higher obesity rates [7].

Despite the growing evidence of the positive impact 
of greenspace accessibility on improving mental health 
conditions, limited research exists on how the relation-
ship is affected by socioeconomic factors and race-ethnic-
ity. Therefore, the purpose of this study is to examine the 
greenspace-mental health relationship to achieve a better 
understanding to the associations between mental health, 
environment, socioeconomic status (SES), and demo-
graphics. There is also the need to further evaluate differ-
ent measures of greenspace accessibility in such investi-
gations. As such, we hypothesize that better accessibility 
to urban greenspace improves mental health conditions, 
but this relationship can also be influenced by various 
socioeconomic characteristics and race-ethnicity factors. 
Findings from this study or similar studies can help poli-
cymakers understand how accessibility to greenspace can 
influence the variation patterns of mental health condi-
tions in a city, with considerations of socioeconomic and 
race-ethnicity disparities.

2  Data and methods

2.1  Study area

The City of San Diego is located in southern California, US 
(Figure 1) with 286 census tracts and 1,400,982 residents 
based on the American Community Survey (ACS) 2015 
5-year average [20]. The city is situated in a semi-arid Med-
iterranean climate with warm and dry summers and cool 
and wet winters. The main vegetation types in the region 
include coastal sage scrub, chaparral, riparian forests, 
and grasslands [21].

2.2  Sources of data

2.2.1  MHP

We obtained census tract-level health data from the 2019 
release of the CDC 500 Cities Project [22]. The 2019 data 
release is based on 2017 or 2016 model-based small area 
estimates (SAE), generated from the 2017 or 2016 Behav-
ioral Risk Factor Surveillance System (BRFSS) data, 2010 
census population data, and 2013–2017 or 2012–2016 
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Figure 1: The City of San Diego’s census tracts (n = 286) divided into three subsections: North, Middle, and South highlighted in light 
purple, blue and tan, respectively, within the County of San Diego in California, USA.

ACS estimates at the census tract level [22]. The CDC SAE 
contain data values that are indirectly estimated for a geo-
graphic area when direct survey estimates cannot produce 
valid and reliable estimates due to factors such as low 
response rate, limited sample sizes, or a lack of samples 
[23]. The SAE data can be used to indicate local health 
behavior or disease prevalence and it has been used 
in “secondary analyses to identify potential communi-
ty-level factors that may be associated with health behav-
ior or disease prevalence” [23]. Further, according to Kong 
and Zhang [23], the SAE data are more precise than those 
provided by direct survey-estimates at the census-tract 
level. More details about this dataset can be found in the 
Supplementary Part 1.

The MHP is measured as the percentage of respond-
ents aged ≥18 years who reported that their mental health 
was not good in 14 or more of the past 30 days (Figure 2) 
[22]. Specifically, poor mental health conditions included 
reporting symptoms of stress, depression, and problems 
with emotions for 14 or more of the past 30 days [22]. 
The census tracts could represent either neighborhoods 
or local communities with distinct socioeconomic and 
racial-ethnic characteristics and offer a higher spatial 
resolution than city- or county-level data. Census tract 

boundaries are consistent with prior studies in the public 
health literature that explored the spatial relationships 
between neighborhood characteristics and various health 
outcomes, such as child well-being [24], healthy food 
access [25], and measures of general health [26].

2.2.2  Urban greenspace accessibility

In many previous studies, especially those based on 
city- or county-level data, greenspace accessibility was 
determined by proportions of areas of forest or average 
NDVI values summarized by the areal units [7,27]. At the 
census-tract level, however, such measures may under-
estimate the influence of greenspace located outside but 
still very close to a given census tract. In this current 
study, we decided to use proximity to represent greens-
pace accessibility: distances to greenspace as defined by 
vegetation types, established parks, and locations with 
significant amount of tree canopy coverage. Vegetation 
type data were obtained from San Diego’s Regional GIS 
Data Warehouse Open Data Portal [28]. The greenspace 
was specifically defined as areas with any of the follow-
ing vegetation types: Forest; Grasslands, Vernal Pools, 
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Meadows, and other Herb Communities; Woodland; 
Riparian and Bottomland Habitat; Bog and Marsh; Dune 
Community; and Scrub and Chaparral. The GIS dataset of 
urban parks contains boundaries of public parks in San 
Diego and was obtained from the same source [28]. To 
better represent the quality of greenspace, we obtained 
the tree canopy cover data from the US USDA/Forest 
Service [29], based on Landsat imagery classification for 
pixels with different proportions of tree canopy cover. We 
focused on pixels with canopy cover proportions ≥30% 
since previous studies have shown that there are signif-
icant mental health benefits once tree cover reaches a 
minimum of 30% [17,30] and the highest percentage of 
tree canopy cover in the City of San Diego was 69% in this 
dataset. More details about the GIS data of greenspace and 
urban parks can be found in the Supplementary Part 1.

The proximity to urban greenspace was measured by 
calculating the mean distances (in feet) to the polygons 
of vegetation and parks, and pixels of tree canopy cover 
≥30% using the Euclidean Distance tool and Zonal Sta-
tistics tool in ArcGIS Desktop 10.8 (ESRI, Redlands, CA, 
USA). As an example, Figure 3 shows the procedure of 
creating the distance surface to the vegetation polygons 
and the final summarized mean distance values by census 
tracts in the City of San Diego. English units were used in 
this process, but conversion factors are provided in the 
caption of Figure 3. These steps were repeated for the tree 
canopy cover and parks data to create distance surfaces 
that were summarized as mean distances by the census 
tracts (Supplementary Figure 1).

Figure 2: Mental health prevalence in the City of San Diego, with 
values displaying the percent of residents in a census tract that 
reported experiencing poor mental health conditions for 14 or more 
of the past 30 days. Data obtained from the CDC’s 500 Cities Project 
[22].

Figure 3: Creation of distance to greenspace in ArcGIS using (a) vegetation category data obtained from SANGIS.org [28], (b) Euclidean 
distance tool of ArcGIS to calculate distance to vegetation polygons, and (c) the Zonal Statistics tool to calculate mean distances for census 
tracts in the City of San Diego (conversion factors: 1 ft = 0.3048 m, 1 mile = 1.609 km).
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2.2.3  Socioeconomic, race-ethnicity and crime density 
data

We considered a large variety of variables that may serve 
as stressors to cause hardship and poor mental health con-
ditions. SES variables and demographic characteristics 

were collected from the US Census Bureau’s ACS for 2011–
2015 (5-year estimates) [7]. For SES variables, we included 
median household income (Figure 4a), educational attain-
ment or percent degree, housing value, and hours worked 
per week (as a proxy of full-time employment) (Figure 4b). 
For demographic characteristics, we included race and 

Figure 4: Examples of SES and race-ethnicity data obtained from the US Census Bureau’s ACS database for the City of San Diego by census 
tracts.



56   Alexis Wilderman et al.

ethnicity data (Supplementary Part 1), including percent 
non-Hispanic Black (Figure 4c) and Hispanic population 
(Figure 4d). Previous studies have detailed the existing 
health inequalities between people of different races, eth-
nicities, gender, and social classes in the US, with evidence 
showing that racial, ethnic, and socioeconomic dispari-
ties in health widened since the 1980s [31]. Additionally, 
percent uninsured and percent with routine checkups were 
obtained from the CDC’s 500 Cities Project. Percent unin-
sured is a variable closely related to SES factors as income 
and employment conditions often determine whether a 
household can afford health insurance coverage. On the 
other hand, percent of population with regular checkups 
was used as a proxy of mental health preventive measure.

Crime occurrence was also included in this study as a 
factor that may influence both MHP and certain SES var-
iables, especially property value [32,33]. Previous studies 
have also shown that fear of crime can decrease a pop-
ulation’s utilization of greenspace and parks [34]. Crime 
data was recorded over a 180-day period, which was 
obtained in October 2019 from the San Diego Association 
of Governments (SANDAG) Automated Regional Justice 
Information System (ARJIS) (Supplementary Part 1) [35]. 
Crime density is the number of crime occurrence per unit 
area (square mile) in each census tract and can be used 
to represent the relative spatial distribution of crimes in 
the City of San Diego. Crime density was calculated using 
the Kernel Density tool with a 1-mile (1.609 km) bandwidth 
and then summarized by the Zonal Statistics tool to get 
mean density values for census tracts in ArcGIS Desktop 
10.8 (Figure 5).

We categorized these potential factors of MHP into 
different groups. According to previous studies [7,36], we 
decided that household income and educational attain-
ment should both be considered as important SES factors. 
We also identified the percentage of uninsured population 
as an important SES factor, while the regular checkups 
served as a proxy of overall healthcare-seeking willingness 
or preventive measure (health prevention). The SES cate-
gory also includes employment conditions (mean hours 
worked per week) and median housing value. Consider-
ing the shortage of affordable housing as an important 
stressor for the residents of San Diego [37], we calculated 
an index of housing affordability as the median housing 
value divided by the median household income, which is 
equivalent to the number of years to purchase a house of 
the median value with the median household income for 
a given census tract, and we included it in the SES cate-
gory. The race-ethnicity category includes the percentages 
of the predominant minority ethnic groups: Hispanic and 
non-Hispanic Blacks. The list of the variables used in this 
study and their definitions are presented in Table 1.

2.3  Statistical analyses

Based on previous studies, e.g., [7,36], and examinations 
on how accessibility to greenspace, poor mental health, 
and other factors are related, a conceptual model was 
built including all potential factors of MHP considered in 
this study (Figure 6), serving as the basic construction of 
hypotheses. It displays the hypothesized direct and indi-

Figure 5: Creation of crime density in ArcGIS using (a) crime occurrence points in San Diego County from SANDAG [35], (b) kernel density tool 
to create density surface using 1-mile search radius for San Diego County, and (c) the Zonal Statistics tool to calculate mean crime density 
for census tracts in the City of San Diego (conversion factors: 1 mile = 1.609 km, 1 mile2 = 2.589 km2).
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rect effects on poor mental health conditions by the afore-
mentioned factors. Then Spearman’s rank correlation was 
performed to test all hypotheses illustrated in the concep-
tual model and to determine the statistical associations 
between all variables and mental health conditions. Rank 
correlation was used to avoid the possible violation of the 
linear relationship assumption of the Pearson’s product 
moment correlation [38].

Based on the results of correlation analysis, we per-
formed regression analysis to examine the effects of mul-
tiple measures of greenspace accessibility on MHP. Next, 
following the approach in which the CDC SAE dataset 
was constructed [23], we first built a regression model 
that provides good estimates of MHP with the potential 
SES, health prevention, and race-ethnicity factors, care-

fully selected based on previous studies and the concep-
tual model (Figure 6). We used the stepwise least-square 
regression method to examine the sequence in which 
the independent variables entered the model, indicating 
their levels of relevance to MHP [39]. In this process, we 
ensured that all independent variables included in the 
final model are statistically significant at the 0.05 level 
with signs of the regression coefficients representing the 
same relations to MHP as in the rank correlation analy-
sis. For the final model, we also used the standardized 
regression coefficients (Beta coefficients) to represent the 
relative contributions made by the independent variables. 
Because some of the SES and race-ethnicity variables may 
be highly interrelated, we monitored and managed the 

Table 1: Descriptions of variables and data sources (variable names displayed in statistical analysis results).

Variable Description Source1

Mental health prevalence (MHP) Percentage of residents who reported poor mental health 
14 or more out of the last 30 days CDC

Distance to greenspace (“greenspace”) Mean distance to greenspace as specified by polygons of 
different vegetation types SANGIS/SANDAG

Distance to tree canopy cover (“tree cover”) Mean distance to tree canopy cover (30%–69% as tree 
canopies within a 30 m x 30 m pixel) USDA/FS

Distance to parks (“parks”) Mean distance to polygons of parks SANGIS/SANDAG

Median household income (“median income”) Census tract median household income in dollars ACS

Percent degree (“degree” or “educational attainment”) Percentage of residents aged 25 and older with bache-
lor, associates, masters, professional, or doctoral degree ACS

Median housing value (“housing value”) Median value of house in dollars ACS

Mean hours worked per week (“hours worked”) Mean usual hours worked per week for residents in each 
census tract ACS

Lack of affordable housing (“affordability”) Time required to purchase housing of median value by 
median household income in years ACS

Percent below poverty (“poverty”) Percent of population below poverty line ACS

Non-Hispanic Black (“Black”) Percentage of non-Hispanic Black residents ACS

Hispanic (“Hispanic”) Percentage of Hispanic residents with any race ACS

Density of crime occurrence (“crime density”) Number of crimes per square mile averaged per census 
tract SANDAG

Percent without health insurance (“uninsured”)
Percentage of residents who reported having no current 
health insurance coverage. Serves as a proxy of accessi-
bility to healthcare

CDC

Percent with routine health checkups (“regular 
checkup”)

Percentage of residents who reported seeing a doctor for 
a routine checkup in the last year. Serves as a proxy of 
health condition prevention

CDC

1 CDC is Centers for Disease Control and Prevention. ACS is the American Community Survey run by the US Census Bureau. SANDAG is San 
Diego Association of Governments. SANGIS/SANDAG is the joint collaboration between San Diego Geographic Information Source and San 
Diego Association of Governments. USDA/FS is US Department of Agriculture/Forest Service.
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collinearity among the independent variables measured 
by the variance inflation factor (VIF) [39].

Once the final model based on the SES and race-eth-
nicity variables was obtained, we would add the variables 
representing accessibility to urban greenspace/parks/tree 
cover and crime occurrence and examine how much con-
tribution they can make to predict the variation in MHP 
with statistical significance. If they enter the model, it 
means that these factors have direct effects on MHP; oth-
erwise, it is likely that their effects have been represented 
by other variables in the model already and, therefore, 
they only have indirect effects on MHP.

Since it has been found that greenspace’s effects 
on mental health differ for areas with different SES and 
racial-ethnic compositions [7], we further examined 
how the model would perform in different geographical 
settings. Studies show that the City of San Diego contin-
ues to have high levels of racial and ethnic segregation 
even though the minority population has continued to 
increase. For example, from 1990 to 2000, the popula-
tion of non-Hispanic White residents decreased in the 
southeastern portion of the city which is where minor-
ity populations increased the most [8]. Additionally, the 
City of San Diego has been ranked in the top ten US cities 
for the highest levels of overall educational segregation 
and highest levels of overall occupational segregation 
[40]. To consider the spatial patterns of the SES factors 
and racial-ethnic minority population distributions, we 
divided the City of San Diego into three different geo-
graphical sections: the most southern part of the City 
of San Diego, which includes those census tracts south 

of Downtown San Diego (n = 67), the middle part of the 
city between the Downtown and Interstate 8 or I-8 (n = 
78), and the northern part of the city, which is everything 
north of I-8 (n = 141) (Figure 1) [41]. Generally speaking, 
the southern section is dominated by communities of 
minority ethnic groups such as Hispanics with relatively 
high poverty levels and low educational attainments, the 
middle section contains communities that are multi-eth-
nic with highly diverse SES conditions, while the northern 
section is dominated by non-Hispanic White population 
with the lowest poverty level among the three [41].

All statistical analyses were performed using IBM 
SPSS version 26, while all mapping and spatial anal-
yses were performed using ArcGIS version 10.8 (ESRI, 
Redlands, CA). To avoid potential issues due to irregular 
values and missing data, we removed all census tracts 
with populations fewer than 200 for whom the ACS’s 
poverty data were determined in all statistical analyses (6 
tracts out of 286 were removed by this measure).

3  Results

3.1  Descriptive statistics

Our sample of census tracts (n = 280 after removal of 
tracts with <200 population) varied widely across all var-
iables (Table 2). MHP representing percentage of Poor 
Mental Health ranged from 6.5% to 19.1%. The mean dis-
tances to greenspace, parks, and tree cover throughout 

Figure 6: The conceptual model built to serve as the basic construction of hypotheses. Orange paths represent hypothesized negative corre-
lations and green paths represent hypothesized positive correlations. Only representative variables are displayed.
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the City of San Diego census tracts ranged from 0 miles to 
more than 1 mile (maximum of 5352.7 ft for greenspace, 
8048.5 ft for parks, and 2759.9 ft for tree cover, 1 ft = 0.3048 
m). Median household income ranged from $21,657 to 
$186,738. Percent degree representing educational attain-
ment ranged from 5.5% to 88.2%. Crime density ranged 
from 2 crime incidents per square mile to more than 1,300 
per square mile. The distribution of these variables often 
clustered geographically across the City of San Diego. For 
example, MHP has the pattern of high values in the south 
and low values in the north of the city (Figure 2), crime 
density was highest in the mid-western portion of the city 
(Figure 5), both percent Hispanic and percent Black were 
highest in the south-southeast of the city (Figure 4c and 
d), median income was highest in the north (Figure 4a), 
while mean hours worked did not seem to have a distinct 
pattern but with the highest in the western portion of the 
city (Figure 4b).

3.2  Correlation analysis and model structure

In order to test the hypotheses in the initial conceptual 
model (Figure 6), we first ran correlation analysis on the 
MHP and its potential factors using Spearman’s rank cor-
relation. The results indicate that all hypotheses in the 

conceptual model were confirmed with statistical sig-
nificance, although the strengths of the apparent rela-
tionships varied greatly from 0.224 between the lack of 
housing affordability and MHP to 0.916 between the per-
centage of uninsured and MHP (Table 3). It can be seen 
that MHP is positively correlated with distances to green-
space (rho = 0.480), tree cover (rho = 0.342), and parks 
(rho = 0.234) with statistical significance at the 0.01 level, 
indicating that the longer the distances to greenspace and 
parks, the poorer the mental health conditions. However, 
MHP is much more strongly correlated with most SES var-
iables (up to 0.916 for uninsured), preventive measure 
(rho = -0.594 with regular checkup), and race-ethnicity 
variables (rho = 0.842 and 0.578 with percentages of His-
panic and Black, respectively). There is also a moderately 
strong correlation with crime density (rho = 0.585). Addi-
tionally, it can be observed that many of these variables 
are intercorrelated to each other. For example, median 
household income is strongly correlated with percentage 
of uninsured, educational attainment (percent degree), 
median housing value, percent below poverty, and per-
centage of Hispanic population, and moderately corre-
lated with accessibility to greenspace, health prevention, 
hours worked per week, crime occurrence, and percentage 
of Black population. Figure 7 is the updated conceptual 
model to illustrate the factors of MHP, showing the link-

Table 2: Descriptive statistics of the variables used in analysis for census tracts in the City of San Diego (n = 280 after removal of tracts with 
fewer than 200 people unless otherwise specified).

Minimum Maximum Mean Std. deviation

Mental health prevalence (%) 6.5 19.1 11.6 2.9

Median household income ($) $21,657 $186,738 $72,096 $32,922

Percent degree (%) 5.5 88.2 49.4 22.5

Hours worked (hrs/wk) 27.2 52.6 38.0 2.5

Housing value ($) (N = 275) $124,500 $1,720,900 $482,256 $247,569

Affordability (years) (N = 275) 2.2 17.7 7.0 2.5

Percent below poverty (%) 1.0 52.6 15.3 11.9

Percent White (%) 0.8 97.9 46.6 27.7

Percent Black (%) 0.0 38.2 6.0 6.5

Percent Hispanic (%) 3.8 98.3 29.2 24.5

Regular checkup (%) 55.5 84.6 66.9 3.7

Percent uninsured (%) 4.0 32.5 11.8 7.2

Crime density (#/mi2) 2.0 1384.3 169.9 213.9

Distance to greenspace (ft) 0.0 5352.7 1715.2 1173.1

Distance to tree cover (ft) 73.2 2759.9 558.4 412.2

Distance to parks (ft) 0.0 8048.5 1935.8 1265.7

Total population (# people) 1572 19414 4862 2120
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ages between different groups of variables using the rank 
correlation results.

3.3  Regression modeling

To examine the combined effects of greenspace accessibil-
ity on mental health conditions in San Diego, we preform 
stepwise regression analysis using all greenspace proxim-
ity variables and the crime density, assuming that crime 
occurrence may negatively impact the usage of green-
space. Table 4a shows that the model explains 37.8% of 
the variance in MHP with all variables included in the 
model being statistically significant and representing the 
same relationships revealed by correlation analysis (Table 
3; Figure 7). The distance to all parks did not enter the 
model, which also had a lower correlation coefficient than 
the other two greenspace proximity variables (Table 3).

Based on previous studies [7,23,36] and results of cor-
relation analysis above, we assumed that median house-
hold income, educational attainment, lack of affordable 
housing, percent of uninsured population, poverty, and 
regular checkups (prevention) are direct factors of MHP, 
which either limit people’s capability of seeking health-
care services or serve as stressors, while the race-ethnicity 
factor may have both direct and indirect effects on MHP as 
illustrated in the conceptual model (Figure 7). Therefore, 
we conceptualized the following general model structure:

MHP = f [uninsured, regular checkup, median income, 
degree, affordability, hours worked, poverty, race-ethnic-

ity]						      (1)

Before we constructed the regression model of MHP using 
the aforementioned variables, we first examined the col-
linearity among the potential independent variables (Sup-
plementary Part 2). Table 4b contains the final regression 
model for MHP after removing the independent variables 
with high VIF values (Supplementary Part 3). Overall, the 
model explained more than 93% of the variance in MHP 
(R2 = 0.935; Radj

2 = 0.933; F = 513.9; Sig. = <0.001), with all 
regression coefficients representing the same relation-
ships with MHP as indicated by the earlier correlation 
analysis (Table 3). Figure 8 shows the predicted MHP 
values (after the antilog of the predicted lg_MHP values) 
plotted against the observed MHP values for the 257 tracts 
with valid estimates. It can be seen that the predicted 
values match well with the observed values in a strong 
linear relationship, with a regression coefficient (trend 
line slope) close to 1.0 and the intercept term close to zero. 
The scatter pattern does not display significant hetero-
scedasticity [42]. We also evaluated the residual to ensure 
that it is likely to be normally distributed (Supplementary 
Figure 2).

Using the same independent variables in Table 4b as 
the basis, we further added the variables of greenspace 
proximity (distances to greenspace, tree cover, and parks) 
and crime occurrence to see whether these factors have 

Figure 7: Examples of statistically significant linkages are shown as rank correlation coefficients on the conceptual model (Figure 6). Orange 
paths represent hypothesized negative correlations and green paths represent hypothesized positive correlations, in which all hypotheses 
from the conceptual model were confirmed. Only representative variables are displayed. * Statistically significant at the 0.05 level, ** signi-
ficant at the 0.01 level.
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any direct effects on MHP. However, none of these varia-
bles would enter and remain in the model with statistical 
significance at the 0.05 level. Since all of them are statis-
tically correlated with MHP as shown in Table 3, we can 
conclude that the effects of accessibility to greenspace 
and crime occurrence on mental health conditions, if any, 

are most likely represented by these SES and race-ethnic-
ity factors in the model.

To explain the results that proximities to greenspace 
and parks were significantly correlated with MHP (Table 
3), but failed to enter the regression model, we performed 
partial correlation analysis between MHP and distances 
to greenspace, tree cover, and parks to test whether other 
socioeconomic variables can represent the effects of the 
proximities to greenspace and parks in explaining MHP. 
In this analysis, we examined the first order relationship 
between MHP and the three greenspace proximity vari-
ables using the SES and race-ethnicity variables as the 
control variable one at a time (Table 5). We discovered that 
a number of variables made the original correlations of 
distances to greenspace and parks to MHP (Table 3) statis-
tically insignificant or even with reversed signs (i.e., from 
positive to negative, as shown in Table 3). We label these 
variables “Similar Variables” (top panel in Table 5) as they 
can replace the effects of accessibility to greenspace and 
parks on MHP in regression analysis, while those “Dissim-
ilar Variables” (bottom panel in Table 5) do not have this 
effect. In other words, since the final regression model 
(Table 4b) contained several “Similar Variables”, they 
prevented the greenspace proximity variables from enter-
ing the model with statistical significance to help further 
explain the variations in MHP. Using a subset of the Dis-
similar Variables in combination with the greenspace 
proximity variables, we were able to build a regression 

Table 4: Results of stepwise regression using log-transformed MHP (lg_MHP) as the dependent variable (N = 257 after removal of census 
tracts with population fewer than 200 and missing values due to log-transformation). Column “B” is the regression coefficients and “Beta” 
is the standardized regression coefficients. Part a: Results using all greenspace proximity variables (distances to greenspace, tree cover, 
and parks) and crime density (log-transformed) as the independent variables. Part b: Results using the SES and race-ethnicity variables 
(greenspace proximity variables did not enter the final model).

Part a. B Std. error Beta t Sig. Tolerance VIF

(Constant) 0.522 0.058 9.030 0.000

lg_Crime density 0.091 0.012 0.429 7.273 0.000 0.653 1.530

lg_Tree cover 0.083 0.018 0.227 4.588 0.000 0.928 1.078

lg_Greenspace 0.042 0.018 0.140 2.334 0.020 0.628 1.593

Part b. B Std. error Beta t Sig. Tolerance VIF

(Constant) 4.283 0.223 19.198 0.000

lg_Hispanic 0.051 0.011 0.169 4.697 0.000 0.201 4.982

lg_Poverty 0.046 0.008 0.163 5.934 0.000 0.346 2.892

lg_Degree -0.154 0.013 -0.404 -11.476 0.000 0.210 4.763

lg_Checkup -1.241 0.098 -0.257 -12.692 0.000 0.633 1.579

lg_Hours worked -0.572 0.071 -0.153 -8.051 0.000 0.717 1.394

lg_Black 0.024 0.004 0.121 6.464 0.000 0.742 1.348

lg_Affordability 0.074 0.013 0.101 5.546 0.000 0.778 1.286

Figure 8: Observed and predicted mental health prevalence (MHP) 
values after antilog of the predicted values by the regression model 
presented in Table 4b.
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model that explained 73.0% of the variance in MHP (Sup-
plementary Table 4). Although this model is not as good 
in terms of the predictive power as the model presented 
in Table 4b, it allows us to estimate the combined effects 
of greenspace proximity and SES/ethnicity-race factors on 
mental health conditions at the census-tract level.

3.4  Model performance in different sections 
of the city

As stated earlier, the three subsections of the City of San 
Diego (Figure 1) have very different socioeconomic and 
demographic characteristics [41]. Descriptive statistics of 
all the variables used in the analysis are presented in Sup-
plementary Table 4. Using the same set of independent 
variables in Table 4b, plus the greenspace and park acces-
sibility and crime density, we ran stepwise regression for 
these three subsections of the city (Figure 1). The models 
explained 94.3% (Radj

2 = 0.936), 93.8% (Radj
2 = 0.932), and 

85.4% (Radj
2 = 0.845) of the variance in MHP in the South, 

Middle, and North subsections, respectively, and all three 
models are statistically significant with F values ranging 
from 97.549 to 149.971 (p-values < 0.001). Educational 
attainment, percent below poverty, hours worked, percent 
of Black population, and regular checkups are the varia-
bles that persistently entered the models for all three sub-
sections (Table 6), suggesting robust influences of these 
factors on MHP spatially. The other variables, however, 
had somewhat different impacts. For example, percent 
of Hispanic population is positively related to MHP in the 
southern and northern subsections of the city, but not for 

the middle subsection. The same is true for the housing 
affordability. Such changes in the variables included in 
the models of the different subsections of the city suggest 
that in different areas, the overall mental health condi-
tions may be determined by different factors. Although a 
single general model structure can be determined, it may 
be difficult to produce a single predictive empirical model 
that can be applied to all regions.

4  Discussion

4.1  Impact of greenspace accessibility on 
MHP

Greenspace is a vital neighborhood resource and the rela-
tionship between greenspace and a range of beneficial 
macro social and health outcomes is well documented. 
While the exact causal paths between greenspace and 
social and health outcomes remain an open question, 
this study highlights important factors along this path 
that contributes to our understanding of the relationship 
between greenspace and mental health.

While it is important to distinguish between acces-
sibility and utilization (proximity may not necessarily 
equate to utilization), findings from this study suggests 
that accessibility, measured as distance or proximity to 
greenspace and parks, is an important precursor to utili-
zation. We find that factors known to be associated with 
health disparities, such as living in poverty or being iden-
tified as a member of an ethnic or racial minority (Hispanic 

Table 5: Partial correlation coefficients between MHP and distances to greenspace (lg_greenspace, lg_tree cover) and parks (lg_parks) with 
different types of control variables (similar and dissimilar variables; see text for explanation).

Variable types Control variables lg_Greenspace lg_Tree cover lg_Parks

Similar variables lg_Uninsured -0.031 -0.096 0.014

lg_Degree 0.112 0.025 0.087

lg_Income -0.114 0.217** -0.052

lg_Poverty 0.116 0.272** 0.088

lg_Hispanic 0.077 0.103 0.083

Dissimilar variables lg_Checkup 0.467** 0.263** 0.217**

lg_Housing value 0.187** 0.164** 0.081

lg_Affordability 0.466** 0.367** 0.196**

lg_Hours worked 0.371** 0.312** 0.168**

lg_Black 0.388** 0.219** 0.176**

lg_Crime density 0.190** 0.295** 0.156**
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or Black), are also associated with both higher prevalence 
of poor mental health and greater distance to greenspace 
and parks. Second, sociodemographic characteristics 
such as race and poverty, continue to be important pre-
dictors of MHP beyond accessibility to greenspace. That 
is, our regression results suggest that sociodemographic 
factors such as living in poverty, Hispanic communities, 
and low educational attainment are more important than 
accessibility to greenspace in explaining MHP. In short, 
greenspace accessibility, while important when being 
considered alone, does not provide much additional 
explanation to the variation in MHP beyond what socio-
demographic variables already have. This supports the 
continued need to consider mental health related policies 

through a range of interventions that address poverty and 
challenges that come with identifying as a member of an 
underprivileged racial and ethnic minority.

In summary, our initial correlation analysis shows 
that the longer the distances to greenspace, tree cover, 
and parks, the poorer the mental health conditions. This 
conforms to prior studies at the national level by com-
paring cities with different amount of urban greenspace 
[43,44]. Additionally, our results suggests that areas that 
have higher SES had greater accessibility to greenspace, 
tree cover, and parks, which supports previous studies 
as well [43,45]. Overall, census tracts with higher income, 
educational attainment, full-time employment, propor-
tion of White residents, rates of regular checkups, and 

Table 6: Results of stepwise regression for the three subsections of the city. All variables are log-transformed. Census tracts with pop-
ulation less than 200 are removed from analysis. Column “B” is the regression coefficients and “Beta” is the standardized regression 
coefficients.

Section B Std. error Beta t Sig. Tolerance VIF

South (Constant) 3.409 0.662 5.148 0.000

lg_Poverty 0.091 0.022 0.268 4.073 0.000 0.231 4.324

lg_Hispanic 0.113 0.022 0.294 5.183 0.000 0.310 3.221

lg_Degree -0.097 0.020 -0.280 -4.934 0.000 0.310 3.227

lg_Checkup -0.926 0.232 -0.205 -3.989 0.000 0.381 2.628

lg_Black 0.027 0.007 0.160 3.988 0.000 0.619 1.614

lg_Affordability 0.074 0.027 0.143 2.760 0.008 0.371 2.695

lg_Hours worked -0.540 0.218 -0.120 -2.472 0.016 0.425 2.354

Middle (Constant) 4.481 0.463 9.670 0.000

lg_Poverty 0.128 0.023 0.370 5.500 0.000 0.230 4.348

lg_Degree -0.166 0.019 -0.422 -8.734 0.000 0.446 2.243

lg_Hours worked -0.508 0.138 -0.194 -3.686 0.000 0.376 2.661

lg_Checkup -1.323 0.254 -0.226 -5.205 0.000 0.554 1.806

lg_Black 0.028 0.009 0.127 3.043 0.003 0.599 1.670

lg_Crime density -0.041 0.017 -0.119 -2.392 0.020 0.424 2.357

North (Constant) 4.098 0.334 12.265 0.000

lg_Hispanic 0.056 0.018 0.179 3.055 0.003 0.364 2.748

lg_Poverty 0.033 0.009 0.180 3.785 0.000 0.555 1.802

lg_Checkup -1.307 0.136 -0.461 -9.638 0.000 0.546 1.832

lg_Degree -0.200 0.035 -0.337 -5.759 0.000 0.364 2.745

lg_Hours worked -0.319 0.106 -0.118 -3.022 0.003 0.815 1.227

lg_Affordability 0.064 0.021 0.125 3.120 0.002 0.777 1.287

lg_Black 0.015 0.006 0.108 2.593 0.011 0.719 1.392
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greater accessibility to any measure of greenspace had 
better mental health conditions, which reflects well-
known health disparities in the US [2,7]. This also sug-
gests that the City of San Diego follows generally the same 
patterns as many other cities in the US related to health 
disparities associated with sociodemographic and other 
variables. For example, studies have found that lower 
rates of income and educational attainment are linked to 
higher rates of mental illness [36,46,47] similar to what our 
results show. Additionally, it has been found that Black 
and Hispanic populations had poorer health outcomes in 
general in the US [48].

When constructing our regression model using the 
SES and race-ethnicity variables against MHP, the primary 
relationship of interest between proximity to greenspace 
and mental health did not reach statistical significance, 
which suggests that the effects of greenspace accessibil-
ity on mental health conditions are most likely to be indi-
rect. For both the overall model (Table 4b) and the models 
for different subsections of the city (Table 6), a core set 
of socioeconomic and race-ethnicity variables appear 
to be consistent in predicting MHP. Specifically, percent 
below poverty and Hispanic populations have a consist-
ently positive relationship with MHP while education has 
a consistently negative relationship with MHP across all 
the models. In addition, household income and regular 
checkups — important independent variables in the MHP 
models (Table 4b) — were all correlated in some fashion 
to the accessibility to greenspace or parks (Table 3). The 
partial correlation analysis confirms our conclusion that 
the effects of greenspace and parks on MHP can be sub-
stituted by a selected group of SES and race-ethnicity var-
iables (Table 5). Previous studies have presented similar 
results. For example, in Kabisch’s [49] systematic review 
of 25 papers, although there was some evidence of a posi-
tive effect of greenspace on mental health, many of these 
studies found that socioeconomic and socio-demographic 
confounders, such as median household income, had the 
greatest impact on health outcomes. On the other hand, 
we were able to combine the greenspace proximity vari-
ables with a subset of the SES variables to build a model 
with relatively high predictive power (Supplementary 
Table 4), which will allow us to estimate the combined 
effects of greenspace proximity and SES/race-ethnicity 
factors on mental health.

While the unique distribution pattern of vegetation 
and parks relative to population distribution in the City 
of San Diego could be an important factor, the overall 
conclusion that the MHP is more influenced by SES and 
race-ethnicity factors than the physical settings of differ-
ent communities is consistent with prior studies [9]. The 

models constructed in this study demonstrate how poli-
cymakers, community leaders and program providers can 
advocate for policies and implement interventions at a 
local level to make communities healthier. For example, 
policies should not only focus on increasing the total area 
of greenspace but must also be accompanied by resources 
for interventions to encourage preventative behaviors 
(i.e., checkups), or improve the income, education, and 
employment opportunities of underserved communities. 
Also critical are policies and interventions that target 
health disparities related to race and ethnicity, as studies 
have shown that there are disparities in mental healthcare 
for minorities. These policies may include increasing cul-
turally competent healthcare measures to increase health 
equity in San Diego [50]; or diversifying the mental health 
workforce and improving provider and patient education 
[51].

4.2  Regression models

The models presented in Table 4b explained more than 
93% of the variance in the dependent variable MHP, which 
is uncommon for socioeconomic/demographic data anal-
yses. However, the model is statistically sound and we 
carefully addressed the issue of collinearity among the 
independent variables in the modeling process (Sup-
plementary Part 2). One possible explanation is that the 
independent variables we used in the model likely rep-
licated the variables that the CDC used to estimate the 
census-tract MHP values. Although we do not have the 
details of the CDC models, the description of their mode-
ling process seemed to suggest that similar variables were 
considered [23]. However, our purpose is not to validate 
the CDC’s modeling process, but to use these models to 
specify the factors and relationships that can be used to 
provide meaningful information in resource allocation 
and preventive intervention procedures. For example, 
one of our models (Supplementary Table 2, Part a) sug-
gests that the most effective way to reduce MHP might 
be decreasing the percentage of uninsured population 
that itself is a function of SES and race-ethnicity factors 
(Supplementary Table 1), which calls for health insurance 
programs to cover the entire population. Additionally, 
promotion of regular checkups and raising the level of 
educational attainment might be effective interventions 
to reduce issues of poor mental health as these variables 
entered the regression models consistently. We also found 
that in different subsections of San Diego, different factors 
should be considered in resource allocation for managing 
MHP beside the common factors of the percent of unin-
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sured population and regular checkups. For example, in 
both the southern and northern subsections, attention 
should be paid to census tracts with relatively high per-
centages of Hispanic and Black population to provide 
services to treat mental health related issues, but in the 
middle subsection, the focus should be shifted to census 
tracts with large Black population (Table 6). Similarly, 
housing affordability is an important factor of poor mental 
health, but not so in the middle section.

4.3  Limitations and possible future 
investigations

First and foremost, we took an empirical modeling 
approach in exploring the relationships between mental 
health conditions and potential factors including green-
space proximity and SES and race-ethnicity variables at 
the census tract-level. Even though we based our method-
ology on findings from previous studies and we are con-
fident that our results are meaningful in discussions of 
possible policy and/or intervention measures to improve 
mental health conditions for communities in San Diego, 
there are inherent shortcomings of the empirical approach 
when compared with other modeling studies with strong 
theoretical basis, which may limit our capability to fully 
separate the effects of these interacting factors on mental 
health conditions in the analysis. For example, results 
from surveys and interviews can link individuals’ mental 
health conditions directly to the stressors. As the indi-
vidual-level data are aggregated into increasingly larger 
spatial units (e.g., census blocks, blockgroups, and 
census tracts) there is the risk that the original relation-
ships may be obscured due to the “modifiable areal unit 
problem” (MAUP) commonly seen in census or any spa-
tially aggregated data [52–54], which may lead to the “eco-
logical fallacy” when the correlations calculated using 
the census-tract data may not represent the individual 
relationships within these census units [55,56]. Therefore, 
the empirical models based on the census-tract data may 
mask the individual level relationships. To guard against 
misinterpretation of our results, we specifically empha-
sized the logic of variable screening in regression mode-
ling, took extra caution in the interpretation of the models 
and did not accept any results simply based on the statis-
tical validity.

With this in mind, we would like to point out that the 
findings in this study are subject to several limitations. 
First, although the BRFSS are considered a gold-standard 
in telephone-based surveys [23,57], the mental health data 
is self-reported and may be misclassified because they are 

not objectively verifiable and are further subject to recall 
bias [22]. Although a 2013 meta-analysis that compared 
nationwide BRFSS data confirmed that the BRFSS mental 
health measures had moderate to excellent reliability [58], 
an external validation study comparing the 500 Cities esti-
mates to Boston BRFSS direct survey data found that the 
500 Cities mental health measures were not within the 
95% confidence intervals of the direct survey estimates 
and most likely overestimated the prevalence of mental 
health [59]. Generally, it is important to understand that 
poor mental health is an estimate and could be subject to 
error and bias.

Second, although our data suggests that the occur-
rence of poor mental health conditions in San Diego is 
correlated to both socioeconomic and racial disparities, 
we could not specify the actual mechanisms that are cre-
ating these apparent linkages. It should be noted that the 
relationships between mental health conditions and SES, 
race-ethnicity, and accessibility to greenspace identified 
in this study are based on summaries or average values at 
the census tract scale, rather than for individuals, which 
may have obscured certain mechanisms for such linkages 
at the level of personal experiences. The SAE data “repre-
sent the expected prevalence estimate of a health indicator 
for census tracts and cities given the socio-demographic 
characteristics (age, gender, and race/ethnicity) of the 
individuals in the census tract or city, census tract-level 
poverty, and unmeasured contextual factors in the county 
and state” [23]. It is important to understand that the spe-
cific values do not represent the actual observed prev-
alence of health indicators in the census tracts or cities 
[23]. On the other hand, our results indeed suggest that 
by looking at the data at the census-tract level, there were 
statistically significant and logical links between the SES 
and race-ethnicity variables we considered and the mental 
health conditions. Therefore, our models should be useful 
in predicting spatial patterns of mental health conditions 
in San Diego and in providing the basis for allocation of 
resources and services accordingly. These results may also 
be useful in formulating community-level policies of inter-
vention and mitigation for potential mental health-related 
issues. However, to further investigate the causes of poor 
mental health conditions, it is necessary to conduct inter-
views or surveys with individuals within these census 
tracts of interest to understand the relationships between 
mental health conditions and different types of stressors. 
This would allow us to look more directly at the mecha-
nisms that are at play.

Finally, even though we considered both the quan-
tity (total greenspace by vegetation types) and quality 
(tree canopy cover) of urban greenspace, proximity does 
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not guarantee actual usage of greenspace. Our proximity 
measures are less sensitive to whether a patch of green-
space is located within or outside a given census tract 
as a measure of accessibility. Nevertheless, we could not 
measure the actual greenspace utilization behaviors by 
residents within or outside the census tracts. Nor did we 
consider the possibility of an adjacent census tract with 
a higher percentage of greenspace than the others in the 
surrounding, allowing for the possibility of residents 
living in the greenspace barren tracts crossing over to the 
adjacent tract to use greenspace. All these are important 
questions regarding designing and implementing inter-
vention policies and will need to be answered using indi-
vidual utilization surveys.

5  Conclusion
In this study, we use the CDC 500 Cities Project public 
health dataset to evaluate the possible associations 
between MHP and accessibility to greenspace in the City of 
San Diego. Our study suggests that there are associations 
between the greenspace proximity and mental health con-
ditions with statistically significant correlations (0.480 
with mean distance to greenspace, 0.342 with distance to 
locations with 30–69% tree canopy cover, and 0.234 with 
distance to parks, all at p-value < 0.01). These relation-
ships indicate that the longer the distances to greenspace 
and parks within a given census tract in San Diego, the 
poorer the overall mental health conditions. A regression 
model using only the greenspace proximity variables and 
crime density explained 37.8% of the variance in MHP. 
However, these associations are weak in comparison to 
the relationships between mental health conditions and 
SES and race-ethnicity factors (e.g., 0.916 with percent of 
uninsured population and -0.886 with median household 
income) in the City of San Diego. Specifically, higher SES 
was associated with better mental health conditions, and 
higher Hispanic and Black population percentages were 
associated with poorer mental health conditions as rep-
resented by statistically significant positive correlations 
(0.842 and 0.578 with percentages of Hispanic and Black 
population, respectively).

Using regression analysis, we built a model using 
the SES and race-ethnicity variables to predict the vari-
ation of mental health conditions across the City of San 
Diego. We also constructed models for three subsections 
of the city with very different socioeconomic and demo-
graphic characteristics. However, in both the all-city 
model and the models of subsections, the greenspace 

proximity variables did not enter the models with statis-
tical significance. Partial correlation analysis confirmed 
that the effects of greenspace proximity, as indicated by 
statistically significant positive correlations with MHP, 
can be fully represented by a selected group of SES and 
race-ethnicity variables, such as educational attainment, 
percent of uninsured, and percent of Hispanic popula-
tion. On the other hand, it is possible to build empirical 
models that combine both greenspace proximity and SES 
and race-ethnicity variables by carefully screening SES 
and race-ethnicity variables that do not overlap with the 
greenspace proximity variables’ effects on MHP.

The results of this study can inform policymakers, 
public health officials, community leaders, and program 
providers about the relationships between mental health 
conditions, socioeconomic-demographic factors, and 
greenspace proximity. To the best of our knowledge, this 
study is probably one of only a few that focused on the 
City of San Diego, the second largest city in the State of 
California. With results that are consistent with studies 
conducted in other metropolitan areas, this study con-
tributes to the body of literature on the socioeconomic 
and spatial factors related to mental health. Specially, 
this study highlights the idea that policies to increase the 
square area of greenspace in an urban area are necessary, 
but probably not sufficient to promote improved mental 
health conditions. Also critical are policies and interven-
tions that promote preventative behaviors and improve 
the income, education, and employment opportunities of 
residents living in underserved communities.
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