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Abstract: This study investigates how people’s perceived COVID-19 risk, worries about financial
hardship, job loss, and family conflicts, and exposures to greenspace, PM2.5, and noise (in people’s
residential neighborhoods and daily activity locations) are related to their depression, anxiety, and
stress during the COVID-19 pandemic. Using a two-day activity-travel diary, a questionnaire, and
real-time air pollutant and noise sensors, a survey was conducted to collect data from 221 participants
living in two residential neighborhoods of Hong Kong during the COVID-19 pandemic. Linear
regression was conducted to explore the relationships. Significant associations between people’s
COVID-19-related worries and exposures to grassland and PM2.5 with depression, anxiety, and stress
were found in the results. These associations with depression, anxiety, and stress vary depending
on people’s demographic attributes. These results can help direct the public authorities’ efforts in
dealing with the public mental health crisis during the COVID-19 pandemic.

Keywords: COVID-19 pandemic; COVID-19-induced worries; mental health; multiple environmental
exposures; mobility

1. Introduction

The COVID-19 pandemic, caused by the novel severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), has caused a huge health burden around the world since
2020. To reduce the transmission of COVID-19, governments around the world designed
and implemented drastic non-pharmaceutical interventions (e.g., social distancing). A
common assumption underlying these measures is that people’s risky social interactions
(e.g., face-to-face contact) would be reduced due to a decrease in their daily mobility [1–4].
However, the non-pharmaceutical interventions have also resulted in major disruptions
to public health infrastructure and societal norms. Moreover, these measures may have
detrimental effects on people’s mental well-being because of their impacts on people’s
economic status and fear of being infected [5,6].

Previous studies have found that the COVID-19 pandemic and the mitigation measures
induced enormous social and economic impacts (e.g., financial hardship, job loss, and family
conflicts), which worsened people’s existing depression, anxiety, and stress. For instance,
using an online survey dataset collected in May 2020, Gadermann et al. [7] revealed that
parents with children younger than 18 years old living at home reported worse mental
health due to potential family conflicts during the pandemic than adults without children
younger than 18 years old living at home. Posel et al. [8] indicated that adults who retained
paid jobs reported significantly lower depression and anxiety scores than adults who lost
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their jobs during the COVID-19 lockdown in South Africa, based on a National Income
Dynamics-Coronavirus Rapid Mobile Survey (NIDS-CRAM) in 2020. Using the United
Kingdom Household Longitudinal Study (UKHLS) dataset, Pierce et al. [9] reported that
significant clinical mental distress rose from 18.9% in 2018–19 to 27.3% in April 2020 among
the general population. In Brazil, Goularte et al. [10] demonstrated that the most common
psychiatric symptoms of people’s mental health problems include anxiety, depression,
anger, somatic symptoms, and sleep problems among the general population based on an
online web-based survey dataset during the COVID-19 pandemic. Thus, evidence from
different countries indicated that the enormous social and economic impacts of the COVID-
19 pandemic (e.g., financial hardship, job loss, and family conflicts) have significantly
increased people’s mental health issues. Moreover, studies have observed that the mental
health consequences caused by the COVID-19 pandemic are not equal: the impacts of the
COVID-19 pandemic on people’s mental health would be different over space and across
various sociodemographic groups [11,12].

Although previous studies have enhanced our understanding of how COVID-19-
induced worries (e.g., perceived COVID-19 risk, worries about financial hardship, job
loss, and family conflicts) may have a harmful effect on their mental health, they did not
examine the combined associations between COVID-19-induced worries and multiple
environmental exposures with mental health. Specifically, people’s mental health would
also be affected by their exposure to greenspace, air pollution, and noise in their daily
lives. Greenspace exposure can mitigate the negative impacts of people’s exposure to
environmental stressors while restoring their attention and facilitating physical activities
or social cohesion [13–15]. For instance, using Dutch national survey data, Klompmaker
et al. [16] found that people’s exposure to greenspace in their residential neighborhoods
can significantly improve mental health, while the beneficial impacts of greenspace may
be underestimated if other environmental factors (e.g., air pollution or noise) are ignored.
Meanwhile, Ribeiro et al. [17] revealed that people’s exposures to greenspace had a positive
association with better mental health outcomes during the COVID-19 pandemic based
on online survey data in Portugal and Spain. The great potential benefits of greenspace
exposure on people’s mental health have also been observed in the United Kingdom [18],
the United States [19,20], Belgium [21], Greece [22], and France [23].

In contrast to greenspace, air pollution and noise are regarded as pervasive envi-
ronmental stressors relevant to people’s mental health. Specifically, air pollution was
found to affect people’s mental health through its impact on neuroinflammation and pul-
monary oxidative stress [24–26]. Meanwhile, the impact of noise on people’s mental health
manifests indirectly through people’s responses to the sound environment (e.g., sleep
disturbance) [27,28]. Therefore, people’s exposure to air pollution and noise in their daily
lives could worsen mental health conditions such as depression, anxiety, and stress [29].
For instance, using residential noise and air pollution data estimated through land use
regression models, Dzhambov et al. [25] found that individuals’ air pollution and noise
exposures are significantly associated with their mental health and well-being (e.g., higher
levels of air pollution and noise exposures are significantly associated with worse mental
health). Tao et al. [30] also observed that air pollution and noise exposures could induce
people’s momentary stress in certain microenvironments (e.g., rush hours and traveling by
public transit).

Although previous studies have examined how multiple environmental exposures
would affect people’s mental health, they may generate misleading results due to the
uncertain geographic context problem (UGCoP) and the neighborhood effect averaging
problem (NEAP), which suggest that the assessments of people’s mobility-dependent
exposure to greenspace, air pollution, and noise may be biased if people’s daily mobility
is ignored [31–34]. Specifically, previous studies tend to use a traditional residence-based
approach to estimate people’s environmental exposures [35–37]. A major assumption
underlying the traditional residence-based approach is that people’s health outcomes are
mainly affected by their residential neighborhood environments. However, most people
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typically have to conduct daily activities (e.g., education and work) in areas outside their
residential neighborhoods. They are thus exposed to multiple environments outside of
their residential neighborhoods [38–40]. Therefore, ignoring people’s daily mobility can
result in biased estimates of people’s environmental exposures, which in turn may generate
misleading conclusions.

This study thus seeks to investigate the combined associations between COVID-19-
induced worries (i.e., perceived COVID-19 risk, worries about financial hardship, job loss,
and family conflicts) and exposures to multiple environmental factors (i.e., greenspace, air
pollution, and noise) with depression, anxiety, and stress during the COVID-19 pandemic,
both in the residential neighborhood and in people’s daily activity locations. Figure 1
presents the conceptual framework of the study. Briefly, we conducted a survey with
participants who lived in two typical residential neighborhoods of Hong Kong (i.e., Sham
Shui Po with a high COVID-19 risk and Tin Shui Wai with a low COVID-19 risk) during
the pandemic. The survey employed real-time air pollution and noise sensors, a two-day
activity and travel diary, and a questionnaire to collect data from participants. The data
include participants’ COVID-19-induced worries (i.e., perceived COVID-19 risk, worries
about financial hardship, job loss, and family conflicts), residential and daily activity loca-
tions, and real-time PM2.5 and noise exposures. In addition, we also collected a Normalized
Difference Vegetation Index (NDVI) dataset and a land-use dataset to assess participants’
exposures to different types of greenspace in their residential neighborhoods and daily ac-
tivity locations. Using the dataset and measurements, we applied multiple linear regression
to separately explore the combined associations between COVID-19-induced worries and
multiple environmental exposures with depression, anxiety, and stress. Lastly, we explored
whether these associations differ by participants’ demographic attributes.
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2. Dataset and Methods
2.1. Study Design and Sampling

A survey was conducted in Sham Shui Po (SSP) and Tin Shui Wai (TSW) in Hong
Kong from April 2021 to September 2021, which represent two typical neighborhoods in
the city during the pandemic. Note that SSP is a high-risk neighborhood that suffered
repeated COVID-19 outbreaks from January 2020 to May 2021 due to its socio-demographic
and built-environment characteristics [41,42]. Conversely, TSW is a low-risk neighborhood
for COVID-19 from January 2020 to May 2021 [42,43]. The government persistently imple-
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mented a “zero-COVID” strategy from January 2020 to March 2022. The control measures
include border control, social distancing, restricted dine-in, and restrictions or closures
of clubs, bars, and public facilities (e.g., schools and museums). Therefore, although the
survey was conducted after the peak of COVID-19 outbreaks in the city, people’s daily lives
were still affected due to the control measures.

We recruited 221 residents (aged 18–64 years) from the two neighborhoods based
on a stratified sampling approach. The samples of the two neighborhoods represent
their respective populations well, and a more elaborate description of the participants’
sociodemographic profile versus the census demographics of the two neighborhoods is
provided in Kan et al. [43] and Huang and Kwan [44]. It should be noted that people’s
mobility in Hong Kong hardly declined during the time of the survey, despite the control
measures (e.g., social distancing) still being effective. For instance, people’s daily mobility
to grocery outlets (e.g., supermarkets, cook food markets, farmers markets, and pharmacies)
increased by over 10% when compared with the baseline (i.e., the mean value of mobility
in January 2020) [45].

During the survey, each participant was required to carry a portable air pollutant
sensor (logged at one-second intervals), a portable noise sensor (logged at 30-s intervals),
and a two-day activity-travel diary over two continuous days (i.e., a weekday and a
weekend day). We used the sensors and the activity-travel diary to collect the participants’
real-time exposure to PM2.5 concentrations and noise, the places they visited, and the
activity durations on the two survey days. Additionally, the participants were also required
to complete a questionnaire in a face-to-face briefing session, which solicits their personal
and household socioeconomic attributes (e.g., age, biological sex, household income, and
so on), COVID-19-induced worries during the pandemic, and subjective evaluations of
one’s mental health status (e.g., depression, anxiety, and stress). The survey protocol
and questionnaire were reviewed and approved by the Survey and Behavioural Research
Ethics Committee (SBRE) of the Chinese University of Hong Kong. Informed consent was
obtained from all participants before data were collected from them.

2.2. Depression, Anxiety, and Stress as Outcomes

In this study, the outcomes include two different variables: (1) participants’ depression
and anxiety, and (2) stress. Participants’ depression and anxiety were measured by the
well-established Patient Health Questionnaire-4 (PHQ-4) [46]. Table S1 (Supplementary
Materials) presents the PHQ-4 items, which include 4 different questions. The participants
were asked to answer each question on a 6-point scale. The total score for depression and
anxiety was obtained by adding together the scores of each of the 4 response items, and it
ranges from 4 to 24. A higher total score indicates more severe depression and anxiety. The
Cronbach’s alpha index of the depression and anxiety items is 0.89, indicating excellent
internal consistency.

Participants’ stress levels were measured by their self-reported frequency of several
symptoms over the past year. Table S2 presents the 4 items of symptoms, which include
options on a 6-point scale. We expected that people’s stress levels could be represented
by using a one-factor structure underlying the 4 symptom items. Thus, exploratory factor
analysis (EFA) using principal axis factoring and oblique promax rotation was applied to
evaluate and extract the one-factor structure. We applied Kaiser’s rule to select the factor
solution (i.e., the factor solution should have eigenvalues > 1). The results indicated a clear
one-factor solution (eigenvalue = 1.58) that includes 3 items (i.e., excluding an item with a
factor loading < 0.30). Table S2 also shows the factor loadings. A higher total score indicates
more severe stress.

2.3. COVID-19-Induced Worries

People’s COVID-19-induced worries include their residence-based and mobility-based
perceived COVID-19 risk and worries about job loss, financial hardship, and family conflicts
during the pandemic. Table S3 presents questions about COVID-19-induced worries. Each
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question was quantified based on a 6-point scale, and a higher score indicates more severe
worry. People’s worries about financial hardship and job loss were summed to produce a
total score. The Cronbach’s alpha index of worries about financial hardship and job loss
items was 0.97, indicating excellent internal consistency.

2.4. Greenspace Exposure Assessment

To assess participants’ greenspace exposure, we collected a Normalized Difference
Vegetation Index (NDVI) dataset and a land-use dataset. The NDVI dataset has a spatial
resolution of 6 m × 6 m and was derived from SPOT-7 Satellite images in 2017. The
land-use dataset was compiled using multiple data sources (e.g., satellite images dated
December 2019, in-house survey information of the Planning Department up to end-2019)
and provided by the Hong Kong Planning Department in 2020. The land-use dataset has a
spatial resolution of 10 m × 10 m and includes 4 different types of greenspace: (1) open
space and recreational land, which include parks, stadiums, playgrounds, and recreational
facilities; (2) woodland; (3) shrubland; and (4) grassland [44]. It should be noted that the
original NDVI values range from −1 to 1, and we excluded negative values since they
represent non-greenspace (e.g., water bodies). In addition, the NDVI also included private
greenery (e.g., private gardens) and street greenery in different types of land-use areas (e.g.,
buildings and along roads), while the land-use dataset does not. Dissimilar to the NDVI,
different types of greenspace in the land-use dataset are more associated with publicly
accessible greenspace (e.g., community parks and country parks) for urban residents. The
advantages of the land-use dataset also include the possibility of distinguishing between
different types of greenspace.

Greenspace exposure was assessed using buffers with a 500 m radius (i.e., walking
distance < 10 min) for both residential and activity locations reported by the participants.
Specifically, we use two different measurements to assess participants’ greenspace exposure:
(1) residence-based greenspace exposure approach, which assessed participants’ different
types of greenspace (i.e., NDVI, open space and recreational land, woodland, shrubland,
and grassland) within 500 m buffer area around their home locations; (2) mobility-based
greenspace exposure approach, which assessed participants’ different types of greenspace
within 500 m buffer area around their daily activity locations. A more comprehensive
description of the residence-based and mobility-based greenspace exposure measurements
is provided in Huang and Kwan [40].

We further applied EFA using principal axis factoring and oblique promax rotation to
explore a potential factor structure underlying the different types of estimated greenspace
exposures. The Kaiser’s rule was used to select the factor solution (i.e., the factor solution
should have eigenvalues > 1). Specifically, we expected there to be a potential factor
underlying the different types of estimated greenspace exposures that would present
people’s combined greenspace exposure. Note that people’s exposure to open space and
recreational land was excluded since it has nonsignificant correlations with other types
of greenspace exposures (see Figure S1). The EFA results clearly indicated a one-factor
solution under 4 items (i.e., woodland, shrubland, grassland, and NDVI) for residence-
based greenspace exposure (eigenvalue = 2.23) and mobility-based greenspace exposure
(eigenvalue = 1.72). Table S4 shows brief statistical descriptions and factor loadings of
the items.

2.5. PM2.5 and Noise Exposures

As Section 2.1 mentioned, real-time spatiotemporal data on PM2.5 concentrations and
noise levels were measured using portable sensors, which were carried by the participants
over two continuous days. The real-time measurements can simultaneously monitor PM2.5
concentrations and noise levels at a high spatiotemporal resolution (i.e., every second for
PM2.5 and every 30 s for noise level). To improve the accuracy of the PM2.5 concentrations
recorded by the air pollution sensors, we developed a machine-learning-based calibration
model using the colocation analysis method. The calibration model adjusted the PM2.5
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concentrations recorded by the portable air pollutant sensors to align them with the data
recorded by a professional-grade DustTrak DRX Aerosol Monitor 8533 sensor and obtain
a strong correlation (R2 range from 0.90 to 0.95). More information about the machine-
learning-based calibrated model can be found elsewhere [47]. The mean values of the
calibrated PM2.5 concentrations over the two continuous days were used to represent
participants’ PM2.5 exposure levels.

Regarding the real-time noise data, a professional-grade CEM SC-05 Sound Level Cali-
brator was employed to calibrate each portable noise sensor before they were distributed
to the participants. The calibrated portable noise sensors have a measurement range of
30–130 dBA with an accuracy of <1.5 dBA error, which meets IEC61672 Type 2 Sound Level
Meter standards. With the recorded noise data, we further used equivalent A-weighted
sound pressure levels to evaluate the sound levels in the daytime (10:00 am–18:00 pm) and
nighttime (00:00 am–7:00 am). A-weighted equivalent sound pressure level refers to the
average value of A sound level according to the sound energy for a certain period, which
has been widely used in previous studies to measure individuals’ noise exposures [30].

2.6. Statistical Analyses

We first used descriptive statistics to explore the range and distribution of partici-
pants’ depression, anxiety, stress, and worries about financial hardship, job loss, and family
conflicts during the pandemic. Paired sample t-test was then used to assess the statisti-
cal significance of the difference between people’s residence-based and mobility-based
perceived COVID-19 risk and greenspace exposures and to test the difference in noise
exposure between daytime and nighttime. Then, we used Spearman correlations to explore
the bivariate associations among the main variables.

Further, we used separate linear regression models to explore the combined associ-
ations between people’s perceived COVID-19 risk, worries about financial hardship, job
loss, family conflicts, and exposures to greenspace, air pollution, and noise with depres-
sion, anxiety, and stress during the pandemic, both in the residential neighborhood and
in people’s daily activity locations. Specifically, we first focused on people’s depression
and anxiety in Models 1–6, while residence-based environmental exposures were included
in Models 1–3 and mobility-based environmental exposures were included in Models 4–6.
Then, we focused on people’s stress in Models 7–12, while residence-based environmen-
tal exposures were included in Models 7–9 and mobility-based environmental exposures
were included in Models 10–12. In Models 1, 4, 7, and 10, we examined the associations
between people’s depression, anxiety, and stress with their residence- and mobility-based
perceived COVID-19 risk and worries about financial hardship, job loss, and family con-
flicts. We further included people’s residence- and mobility-based exposures to greenspace,
air pollution, PM2.5, daytime noise, and nighttime noise exposures in Models 2, 5, 8, and
11. In the full models (i.e., Models 3, 6, 9, and 12), we constructed the interaction terms
by combining people’s exposures to greenspace, open space, and recreational land with
their perceived COVID-19 risk and worries about financial hardship, job loss, and family
conflicts to observe if the effects of COVID-19-induced worries on people’s depression,
anxiety, and stress were influenced by greenspace. It should be noted that all models control
for participants’ sociodemographic attributes, including sex, age, education attainment,
employment status, marital status, monthly household income, workplaces (e.g., Kowloon
or Hong Kong Island), residential neighborhoods (e.g., TSW or SSP), housing types (e.g.,
private housing or social housing), homeownership (e.g., rented or owned their residential
house), and monthly household rent/mortgage payment. Before fitting the models, the
variance inflation factors (VIFs) were used to assess multicollinearity among the main
variables. All VIFs of independent variables are less than 8.0, indicating a low probability
of multicollinearity. We use the Akaike information criterion (AIC) and adjusted R2 to
assess the performance of these models.

In addition, we also explored whether the combined associations differ by people’s
demographic attributes. Specifically, we performed stratified analyses based on participants’
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demographic attributes (i.e., sex, marital status, monthly household income, residential
neighborhoods, and housing types). The analysis was conducted in R version 4.1.0.

3. Results
3.1. Descriptive Statistics

A total of 217 participants (107 from Sham Shui Po [SSP] and 110 from Tin Shui Wai
[TSW]) were finally included in our study. We excluded participants with invalid data
(i.e., missing data in the two-day activity diary, PM2.5, or noise records). Table 1 shows
participants’ sociodemographic attributes in the two neighborhoods. It indicates that
participants from the two neighborhoods represent their respective populations well [44,45].
The mean scores of depression and anxiety for participants in the SSP and TSW are 13.80
(standard deviation [SD]: 3.82) and 13.75 (SD: 4.11). The mean score of stress for participants
is 15.21 (SD: 2.92) in SSP and 14.94 (SD: 3.20) in TSW. Furthermore, the mean scores of worry
about family conflicts for participants in SSP and TSW are 3.23 (SD: 1.30) and 2.85 (SD: 1.32),
while the mean scores of worries about financial hardship and job loss for participants
are 7.07 (SD: 2.81) in SSP and 5.55 (SD: 1.32) in TSW. The mean value of residence-based
perceived COVID-19 risk for participants is 3.37 (SD: 0.95) in SSP and 2.94 (SD: 0.77) in
TSW, and the mean value of mobility-based perceived COVID-19 risk for participants is
2.48 (SD: 0.88) in SSP and 2.50 (SD: 0.90) in TSW.

Table 1. Descriptive statistics of research participants (n = 217).

Variables Category SSP
(n = 107)

TSW
(n = 110)

N (%) N (%)

Socio-demographic
status and housing
conditions

Sex
Male 44% 46%
Female 56% 54%

Age
18–24 years 17% 22%
25–44 years 47% 47%
45–65 years 36% 31%

Education status
With higher education 65% 65%
without higher education degree 35% 35%

Monthly household
income level (HKD)

Less than 20,000 45% 29%
20,000–39,999 32% 43%
40,000 or over 23% 28%

Employment Status
Housewife 7% 12%
Employed 82% 74%
Student 9% 13%

Marital Status
Married 38% 35%
Single, widowed, or divorced 62% 65%

Homeownership Rented 63% 56%
Owned 37% 44%

House type Social housing 47% 85%
Private housing 50% 15%

COVID-19 worries -

Worry about family conflict (Mean
(SD)) 3.23 (1.30) 2.85 (1.32)

Worries about financial hardship and
job loss (Mean (SD)) 7.07 (2.81) 5.55 (2.62)

Residence-based perceived COVID-19
risk (Mean (SD)) 3.37 (0.95) 2.94 (0.77)

Mobility-based perceived COVID-19
risk (Mean (SD)) 2.48 (0.88) 2.50 (0.90)

Outcome - Depression and anxiety (Mean (SD)) 13.80 (3.82) 13.75 (4.11)
Stress (Mean (SD)) 8.30 (1.67) 8.20 (1.83)
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Table 2 presents the summary statistics of participants’ multiple environmental expo-
sures. Specifically, the differences between residence-based and mobility-based exposures
to greenspace, open space, and recreational land are statistically significant (p < 0.05). The
mean value of PM2.5 is 12.43 (SD:5.57) (ug/m3). In addition, participants’ exposures to
daytime and nighttime noise are significantly different (p < 0.05).

Table 2. Residence-based and mobility-based multiple environmental exposures of the sample
(n = 217).

Variables Category Residence-Based Mobility-Based p-Value a

Green space
Open Space and Recreational land
[Mean (SD)] 0.10 (0.06) 0.12 (0.09) 0.000 ***

Greenspace [Mean (SD)] 0.09 (0.03) 0.11 (0.07) 0.000 **

PM2.5 and noise exposure

PM2.5 (ug/m3) [Mean (SD)] - 12.43 (5.57) -

Daytime Noise (dBA)
[Mean (SD)] - 63.79 (6.60)

0.000 ***
Nighttime Noise (dBA)
[Mean (SD)] - 49.15 (6.82)

Notes: a Paired sample t-test; *** denotes p < 0.001; ** denotes p < 0.01.

3.2. Bivariate Analysis

Figure 2 shows the Spearman correlations among participants’ COVID-19-induced
worries, multiple environmental exposures, and their scores of depression, anxiety, and
stress. First, participants’ depression and anxiety have a significant positive correlation
with stress (r = 0.64, p < 0.05). Second, participants’ depression and anxiety are significantly
and positively correlated with their residence- and mobility-based perceived COVID-19
risk (r = 0.14 and 0.27, p < 0.05), worry about family conflicts (r = 0.24, p < 0.05), and worries
about financial hardship and job loss (r = 0.28, p < 0.05). Meanwhile, participants’ stress
is also significantly and positively correlated with their residence- and mobility-based
perceived COVID-19 risk (r = 0.14 and 0.20, p < 0.05), worry about family conflicts (r = 0.32,
p < 0.05), and worries about financial hardship and job loss (r = 0.32, p < 0.05). Correlations
between participants’ depression, anxiety, and stress with all types of greenspace, noise,
and PM2.5 exposures are largely insignificant.

In addition, participants’ residence-based exposure to open space and recreational land
is significantly and negatively correlated with their residence-based exposure to greenspace
(r = −0.14, p < 0.05). Regarding participants’ mobility-based exposures, open space and
recreational land are positively correlated with nighttime noise (r = 0.17, p < 0.05). Daytime
noise is positively correlated with nighttime noise (r = 0.25, p < 0.05). The correlations
between greenspace, noise, and PM2.5 exposures are insignificant. Correlations between
COVID-19-induced worries with greenspace, open space, recreational land, noise, and
PM2.5 exposures are largely insignificant.
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3.3. Regression Analysis

Models 1–6 focus on people’s depression and anxiety. Table 3 reports the regression
models of the associations between participants’ residence- and mobility-based multiple
environmental exposures and COVID-19-induced worries and their depression and anxi-
ety. We find that people’s perceived COVID-19 risk is significantly associated with their
depression and anxiety for both residence- and mobility-based models (i.e., Models 1–6).
In addition, people’s mobility-based perceived COVID-19 risk plays a more important
role than their residence-based perceived COVID-19 risk in depression and anxiety: the
estimated coefficient of mobility-based perceived COVID-19 risk is 0.22–0.23 in Models 4–6,
while the estimated coefficient of residence-based perceived COVID-19 risk is 0.12–0.15
in Models 1–3. Our results also indicate that people’s worries about financial hardship
and job loss (Coef. = 0.19–0.23, p-value < 0.01, Models 1–6) are significantly associated
with people’s depression and anxiety for both residence- and mobility-based models (i.e.,
Models 1–6). The effects of people’s perceived COVID-19 risk and worries about financial
hardship and job loss on their depression and anxiety are not influenced by open space,
recreational land, or greenspace. Meanwhile, open space, recreational land, and greenspace
are not significantly associated with people’s depression and anxiety in both residence- and
mobility-based models. In Model 5, PM2.5 is a significant environmental factor associated
with higher levels of people’s depression and anxiety (Coef. = 0.11, p-value < 0.05).
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Table 3. Associations of COVID-19-induced worries and multiple environmental exposures with
people’s depression and anxiety in residence-based and mobility-based linear regression models
(n = 217).

Depression and Anxiety

Residence-Based Mobility-Based

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

PCR 1 0.12 *
(0.07)

0.13 *
(0.06)

0.15 *
(0.07)

0.22 ***
(0.06)

0.23 ***
(0.06)

0.23 **
(0.07)

WFC 2 0.11
(0.07)

0.11
(0.08)

0.08
(0.08)

0.10
(0.07)

0.10
(0.08)

0.09
(0.08)

WFHJL 3 0.21 **
(0.07)

0.21 **
(0.07)

0.23 **
(0.07)

0.19 **
(0.07)

0.20 **
(0.07)

0.20 **
(0.07)

OSRL 4 0.05
(0.06)

0.05
(0.07)

−0.01
(0.06)

0.01
(0.07)

Greenspace −0.04
(0.07)

−0.05
(0.07)

−0.02
(0.06)

−0.03
(0.07)

PM2.5
0.11 *
(0.06)

0.09
(0.06)

Daytime Noise 0.01
(0.07)

0.01
(0.07)

Nighttime Noise 0.04
(0.07)

0.04
(0.07)

PCR × Greenspace 0.09
(0.07)

−0.08
(0.06)

WFC × Greenspace 0.02
(0.07)

−0.02
(0.08)

WFHJL × Greenspace −0.07
(0.07)

−0.03
(0.08)

PCR × OSRL 0.02
(0.08)

0.02
(0.07)

WFC × OSRL −0.04
(0.08)

−0.08
(0.07)

WFHJL × OSRL −0.03
(0.08)

−0.05
(0.07)

AIC 608.4 611.6 620.6 599.3 605.6 613.4

Adjusted R2 0.13 0.13 0.15 0.13 0.12 0.11
Notes: *** denotes p < 0.001; ** denotes p < 0.01; * denotes p < 0.05. All models control participants’ socio-
demographic features, which include age, sex, education, employment, marital status, household income, resi-
dence neighborhoods, housing type, homeownership, and working place. 1 Perceived COVID-19 risk; 2 Worry
about family conflict; 3 Worry about financial hardship and job loss; 4 Open Space and Recreational land.

Models 7–12 focus on people’s stress. Table 4 reports the regression models of the
associations between participants’ residence- and mobility-based multiple environmental
exposures and COVID-19-induced worries and stress. The results indicate that people’s
worries about family conflicts (Coef. = 0.16–0.21, p-value < 0.01) and worries about financial
hardship and job loss (Coef. = 0.13–0.18, p-value < 0.05) are significant for both residence-
and mobility-based models (i.e., Models 7–12). In the mobility-based models (i.e., Models
10–12), participants’ perceived COVID-19 risk (Coef. = 0.17–0.18, p-value < 0.01, Models
10–12) has a significant and positive association with their stress. The effects of people’s
perceived COVID-19 risk and COVID-19-induced worries on their stress are not influenced
by open space, recreational land, or greenspace. In the residence- and mobility-based
models, open space and recreational land (Coef. = 0.14–0.15, p-value < 0.05, Models 8, 11,
and 12) are also significantly associated with people’s stress. Lastly, PM2.5, daytime noise,
and nighttime noise are not significantly associated with people’s stress.
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Table 4. Associations of COVID-19-induced worries and multiple environmental exposures with
people’s stress in residence-based and mobility-based linear regression models (n = 217).

Stress

Residence-Based Mobility-Based

Variables Model 7 Model 8 Model 9 Model 10 Model 11 Model 12

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

Coef.
(SE.)

PCR 1 0.08
(0.07)

0.10
(0.06)

0.10
(0.07)

0.18 **
(0.06)

0.17 **
(0.06)

0.17 *
(0.07)

WFC 2 0.21 **
(0.07)

0.21 **
(0.07)

0.16 *
(0.07)

0.20 **
(0.07)

0.20 **
(0.07)

0.21 **
(0.08)

WFHJL 3 0.14 *
(0.07)

0.15 *
(0.07)

0.18 *
(0.07)

0.13 *
(0.07)

0.14 *
(0.07)

0.13 *
(0.08)

OSRL 4 0.14 *
(0.07)

0.14
(0.08)

0.15 *
(0.07)

0.15 *
(0.07)

Greenspace 0.03
(0.07)

0.01
(0.07)

0.01
(0.06)

0.01
(0.07)

PM2.5
0.06

(0.07)
0.05

(0.06)

Daytime Noise 0.02
(0.07)

0.02
(0.07)

Nighttime Noise −0.01
(0.06)

−0.01
(0.07)

PCR × Greenspace 0.08
(0.07)

−0.03
(0.08)

WFC × Greenspace 0.13
(0.07)

0.10
(0.08)

WFHJL × Greenspace −0.08
(0.07)

−0.09
(0.06)

PCR × OSRL 0.13
(0.07)

−0.01
(0.08)

WFC × OSRL 0.01
(0.08)

−0.04
(0.07)

WFHJL × OSRL −0.13
(0.08)

−0.02
(0.07)

AIC 604.7 604.3 606.2 598.3 601.9 611.5

Adjusted R2 0.11 0.11 0.13 0.13 0.13 0.12
Notes: ** denotes p < 0.01; * denotes p < 0.05. All models control participants’ socio-demographic features, which
include age, sex, education, employment, marital status, household income, residence neighborhoods, housing
type, homeownership, and working place. 1 Perceived COVID-19 risk; 2 Worry about family conflict; 3 Worry
about financial hardship and job loss; 4 Open Space and Recreational land.

3.4. Stratified Analysis

Tables S5 and S6 (Supplementary Materials) present the performance of the regression
models for examining the combined associations between participants’ multiple environ-
mental exposures and COVID-19-induced worries with their depression, anxiety, and stress
across different groups. Figures 3 and 4 show the regression coefficients according to the
full mobility-based models. Participants’ mobility-based perceived COVID worries about
financial hardship and job loss play the most important role in their depression, anxiety,
and stress. Specifically, for most social groups (except for the private housing group), wor-
ries about financial hardship and job loss have significant and positive associations with
people’s depression, anxiety, and stress. The high-income group has the highest regression
coefficients when compared with those of other groups for depression, anxiety, and stress.
Participants’ mobility-based perceived COVID-19 risk has significant positive associations
with their depression and anxiety for most of the groups (except for the high-income group),
while mobility-based perceived COVID-19 risk has significant positive associations with
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stress for the low-income, private housing, social housing, unmarried, male, and TSW
groups. Worrying about family conflicts has an insignificant association with depression
and anxiety across different groups (except for the SSP group), while it is significantly and
positively associated with stress for most of the groups (except for the high-income, private
housing, and female groups).
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Figure 3. Associations of COVID-19-induced worries, grassland, and PM2.5 exposures with people’s
depression and anxiety in mobility-based linear regression models across different groups. Private
housing includes private houses and tong lau/subdivided units. Unmarried includes single, wid-
owed, or divorced. (a) Preceived COVID-19 risk; (b) Worry about family conflict; (c) Worries about
financial hardship and job loss; (d) Greenspace; (e) OSRL.

In addition, greenspace, open space, and recreational land have insignificant associa-
tions with depression and anxiety across all groups. Greenspace has a significant negative
association with stress for high-income and male groups, while open space and recreational
land have a significant positive association with stress for high-income, low-income, social
housing, married, female, and TSW groups. Lastly, Tables S7–S11 report all the regression
models of associations between participants’ residence- and mobility-based multiple envi-
ronmental exposures and COVID-19-induced worries and their depression, anxiety, and
stress across different social groups.
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Figure 4. Associations of COVID-19-induced worries, grassland and PM2.5 exposures with people’s
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(a) Preceived COVID-19 risk; (b) Worry about family conflict; (c) Worries about financial hardship
and job loss; (d) Greenspace; (e) OSRL.

4. Discussion
4.1. Main Findings

This study seeks to investigate the combined associations between people’s COVID-
19-induced worries and multiple environmental exposures with depression, anxiety, and
stress, both in people’s residential neighborhoods and at their daily activity locations.
Our regression models revealed significant positive associations between people’s worries
about financial hardship and job loss and depression, anxiety, and stress in all residence-
based and mobility-based models. Meanwhile, people’s perceived COVID-19 risk has a
significant positive association with depression and anxiety in all residence-based and
mobility-based models, while it also has a significant positive association with stress in all
mobility-based models. People’s worry about family conflicts has a significant association
with stress in all residence-based and mobility-based models. No significant association
was observed between people’s worry about family conflicts and depression and anxiety in
all residence-based and mobility-based models.

In addition, in our regression analyses, the associations between greenspace, open
space, recreational land, and PM2.5 with depression and anxiety were not significant
in all residence-based models or the minimal mobility-based models. The association
between PM2.5 and depression and anxiety was significant in the full mobility-based model.
Meanwhile, no significant associations were observed between daytime and nighttime
noise and depression, anxiety, or stress. In addition, open space and recreational land have
a significant positive association with stress in residence- and mobility-based models. Our
results also indicate that these estimated coefficients between people’s COVID-19-induced
worries and multiple environmental exposures with depression, anxiety, and stress are
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different between the residence-based and mobility-based models. Finally, we observed
that the combined associations differ by people’s demographic attributes.

4.2. Comparisons with Previous Studies and Implications

Our findings suggest that high perceived COVID-19 risk and worries about financial
hardship, job loss, and family conflicts are related to people’s poor mental well-being,
which corroborates prior work linking COVID-19-induced worries with poor mental well-
being [7,48–50]. People’s worries about financial hardship and job loss are associated
with more depression, anxiety, and stress symptoms. This association may indicate that
people’s worries about financial hardship and job loss are the most important risk factors
for depression, anxiety, and stress during the COVID-19 pandemic. In addition, the
demographic differences indicate that for almost all social groups (except people who have
private housing), worries about financial hardship and job loss are significantly associated
with depression, anxiety, and stress, and high-income and married groups have higher
coefficients than the counterpart groups. Previous studies have indicated that mental health
problems are a major public health crisis in Hong Kong, and more people in early 2020
will have poor mental health than in 2016–17, while the older and underprivileged groups
suffer most [51]. Our results further imply that the mental health crisis may further spread
to different social groups (e.g., the high-income group) in Hong Kong due to the persistence
of the economic impacts of the COVID-19 pandemic. Hence, policymakers should also
seek to address the public mental health crisis resulting from the economic impacts of the
pandemic when developing COVID-19 intervention measures.

As expected, both residence-based and mobility-based perceived COVID-19 risks are
significantly associated with depression and anxiety. Meanwhile, mobility-based perceived
COVID-19 risk is significantly associated with stress. The fear of being infected in residential
neighborhoods and at daily activity locations may curtail people’s routine daily lives and
social interactions, which may further lead to poor mental health. Moreover, COVID-19-
infected persons may suffer cyberbullying or cyberviolence after their personal information
(e.g., age, sex, and residential location) and visited locations are disclosed to the public by
the government [4]. Therefore, the potential discrimination and stigma related to COVID-19
might also make people fearful of infection, which can also worsen their mental health. It
is worth noting that previous studies have also observed the negative effect of potential
discrimination and stigma related to COVID-19 on people’s mental health in Canada [52],
Nepal [53], China [54], Spain [55], and the United States [56]. Therefore, policymakers
should consider these negative effects on people’s mental health when they are designing
mitigation measures (e.g., disclosing COVID-19 patients’ residential and visited locations to
the public). On the other hand, scholars and public authorities should pay more attention
to people’s geoprivacy worries and their impacts on their mental health.

Further, we found that people’s worries about family conflicts are associated with
stress. One of the potential explanations is that people spent more time with their family
members during the pandemic due to the closure of schools and stay-at-home orders in
Hong Kong. Further, this association is significant for the male group but insignificant for
the female group. Similar associations have also been reported by other studies [7]. This
sex difference in the association between worry about family conflicts and stress is contrary
to pre-pandemic studies, which suggested that females are disproportionately affected by
family conflicts [57–59]. This result suggests that future research should further explore the
sex differences in this association before and after the COVID-19 pandemic.

Regarding the benefits of greenspace on depression, anxiety, and stress, we only ob-
served a significant association between greenspace and stress for high-income and male
groups (see Figure 4). These results are inconsistent with previous studies that revealed
the benefits of residence-based greenspace on people’s depression and anxiety [16]. Mean-
while, Roberts and Helbich [60] also reported a significant association between greenspace
exposure and depression and anxiety when applying a 50-m buffer around people’s daily
GPS trajectories. The differences in these results might be due to the uncertain geographic
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context problem (UGCoP), which suggests that using different geographically delineated
contextual areas to assess people’s environmental exposures may lead to different research
findings on the health effects of environmental factors [31,32,34,40]. In addition, our results
also suggest that open space and recreational land have a significant positive associa-
tion with stress in the residence- and mobility-based models. Note that a previous study
reported that open space and recreational land in Hong Kong might increase people’s
face-to-face contact rates and thus increase their COVID-19 exposure risk during the pan-
demic [41]. Therefore, the fear of being exposed to COVID-19 in open space and recreational
land may lead to a high level of stress in Hong Kong during the pandemic.

In addition to greenspace, we also examined the associations between PM2.5 and
noise exposures with depression, anxiety, and stress. We found weak and insignificant
associations between PM2.5 exposure and depression, anxiety, and stress for the mobility-
based models, which only include PM2.5 and noise exposures. This result is comparable
to previous studies that explore the effects of PM2.5 and noise exposures on poor mental
health based on the mobility-based approach in the Netherlands: Roberts and Helbich [60]
reported that there are no significant linear associations between PM2.5 and noise exposures
and depression and anxiety. These findings highlight the need for future studies to consider
the combined associations between multiple environmental exposures and COVID-19-
induced worries about mental health during the pandemic. Further, these results also
imply that people may be doubly disadvantaged in poor mental health due to COVID-19-
induced worries (e.g., perceived COVID-19 risk, worries about financial hardship, job loss,
and family conflicts) and environmental factors (e.g., PM2.5) during the pandemic.

Further, we found that the strength and significance of the associations between
perceived COVID-19 risk and greenspace exposures with depression, anxiety, and stress
differ between residence- and mobility-based exposures. These results are consistent with
previous studies, which also reported that results about the health impacts of environmental
exposures may be different when using residence- and mobility-based exposures [38,40,44].
Our study further corroborates previous studies by revealing significant differences in the
associations between people’s perceived COVID-19 risk and greenspace exposure obtained
with a residence-based approach and a mobility-based approach. It underscores the issue
of biased environmental exposure assessment when only exposures to the residential
environment are taken into account.

4.3. Strengths and Limitations

This study is significant because it is one of the first to explore the combined associ-
ations between COVID-19-induced worries and multiple environmental exposures with
mental health. Further, the use of activity diaries and portable sensors combining real-time
noise and air pollutant monitoring allowed for capturing people’s dynamic environmental
exposures. In this way, this study aligns with an emerging trend in geography and health
research that extends the residence-based approach to the mobility-based approach. Future
studies should continue to improve the capability of investigating the combined effects
of multiple dynamic social and environmental factors using innovative mobility-based
sensors.

The study has a few limitations. First, our survey data were collected from April 2021
to September 2021, which covers the first four waves of the COVID-19 pandemic in Hong
Kong. Therefore, the data does not capture the impact of the fifth wave in Hong Kong
from December 2021 to April 2022. Although the fifth wave of the COVID-19 outbreak has
adversely affected people’s daily lives and health more than before, these differences are
unlikely to significantly affect the major conclusions of the study. For instance, our findings
have highlighted that the original mental health crisis may spread to different social groups
in Hong Kong due to the COVID-19 pandemic, and the fifth wave may accelerate this
process.

Second, the activity diary data may be affected by issues of participants’ recall bias.
However, we believe that these effects are negligible because we also provided a log sheet
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to each participant so that they could conveniently and quickly write down the locations
and times when they were conducting their daily activities. The information recorded on
these log sheets was used to check the activity records in participants’ activity diaries to
minimize errors. Future studies would, of course, benefit from using innovative real-time
GPS tracking sensors to more accurately capture people’s daily activities and assess their
multiple environmental exposures in space and time.

Lastly, our survey only obtained a small sample. Therefore, the generalizability of
our results and conclusions might be limited. In addition, our regression results also
suggest that the models have relatively low adjusted R2 scores (i.e., 0.15 and 0.16 in full
models), which indicate that the independent variables (i.e., COVID-19-induced worries
and multiple environmental exposures) could explain 15–16% of the variability of the
dependent variables (i.e., depression, anxiety, and stress). The possible reasons might
include: (1) the small sample size in this study; (2) other covariates (e.g., worries about
other issues, comorbid conditions, insomnia, etc.) were not considered. Future studies
would benefit from using larger sample sizes with a comprehensive and diverse set of
covariates based on similar survey methods to obtain more robust models.

5. Conclusions

In conclusion, our study found that people who have a higher perceived COVID-19
risk and are more worried about financial hardship, job loss, and family conflicts have
more serious depression, anxiety, and stress symptoms during the pandemic. Meanwhile,
people’s exposure to grassland around their daily activity locations is associated with
a reduction in depressive symptoms, while exposure to air pollution is associated with
worsened depressive symptoms. Residence- and mobility-based perceived COVID-19 risk
and greenspace exposure are significantly different, which further translates to differences
in the strength and significance of their associations with depression, anxiety, and stress.
These associations with depression, anxiety, and stress also differ somewhat depending
on people’s demographic attributes. Future research should determine the combined
health effects of COVID-19-induced worries and multiple environmental exposures using
residence- and mobility-based approaches. These results have important implications
for the government in dealing with the public mental health crisis during the COVID-
19 pandemic.
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