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A B S T R A C T   

Social distancing and particularly staying at home are effective public health responses to the COVID-19 
pandemic. The sheer scale of behavior changes across a mass population scale is unprecedented and will un
doubtedly cause disproportionate hardships for certain vulnerable groups of population and marginalized 
communities during different periods of the pandemic. However, at the community level, few studies have 
considered the spatial and temporal variations in such public health behavior changes during this pandemic. We 
applied a geographically and temporally weighted regression (GTWR) to analyze the spatiotemporal pattern of 
community stay-at-home behaviors against social vulnerability indicators at the census tract level in New York 
City from March to August 2020. Our findings are generally supporting the conventional wisdom of social 
vulnerability yet they also offer new insights. Despite the spatial variations in the effects of social vulnerability on 
stay-at-home behaviors, people from different vulnerable groups are also exhibiting varying reactions to the 
pandemic over the duration of this study, thereby highlighting the importance of understanding the spatio
temporal pattern of public health behaviors to develop an effective policy response to avoid the risk of deepening 
inequalities and to promote a just and sustainable urban future.   

1. Introduction 

The rapid spread of novel coronavirus disease 2019 (COVID-19) has 
caused devastating impacts and losses to countries worldwide, posing 
new challenges for achieving sustainability of the health system. In 
response, many countries adopted strict public health orders to contain 
the viral transmission and consequently a majority of them have now 
successfully kept the disease at manageable risk. However, the United 
States (US) is not among them. As of 8 September 2020, the total 
numbers of cases and deaths reach 6,287,362 and 188,688, respectively 
(CDC, 2020b). When considering that the US only has 4 % of the global 
population, it now alarmingly accounts for 23 % of the global cases and 
21 % of the global deaths due to COVID-19 (WHO, 2020). This outcome 
is arguably due to a lack of coordinated leadership by the government 
(Leonhardt, 2020). Thus, local and state responses to the virus differ 
greatly resulting in enormously varying public health consequences 
across jurisdictions in the US (Fowler, Hill, Obradovich, & Levin, 2020). 

Social or physical distancing is at the center of nonpharmacological 

responses to this pandemic, which aims to reduce person-to-person 
contacts that minimize public exposure to the virus (Anderson, Hees
terbeek, Klinkenberg, & Hollingsworth, 2020; Beria & Lunkar, 2021). 
Social distancing has been demonstrated to be strongly effective in 
reducing the viral transmission of COVID-19 in China (Anderson et al., 
2020), South Korea (Park, Sun, Viboud, Grenfell, & Dushoff, 2020), the 
UK (Jacob et al., 2020), and Brazil (Coelho et al., 2020), which social 
vulnerability plays a critical role in impeding people’s compliance with 
social distancing in these countries. In the meantime, a lack of consistent 
and timely social distancing measures at all levels of government is 
considered a primary reason for the frightening ramifications of this 
pandemic in the US (Leonhardt, 2020). Nevertheless, no matter whether 
the public choose to voluntarily engage in social distancing behaviors or 
to comply with public order, it not only requires significant shifts in 
behaviors but also a majority, if not all, of the population to engage to be 
effective (Briscese, Lacetera, Macis, & Tonin, 2020; Lewnard & Lo, 
2020). Drawing from the conventional public health literature, such 
substantial behavior changes at this scale can be influenced by various 
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internal (e.g. poverty) and external (e.g. misinformation) factors and the 
associated public containment measures can also be very difficult to 
implement and enforce (Brzezinski, Deiana, Kecht, & Van Dijcke, 2020; 
Van Bavel et al., 2020). 

It is well-documented that the existing gaps in communities such as 
poverty and inequality will further exacerbate the disproportionate 
consequences to the so-called socially vulnerable populations interna
tionally (Chen, Cutter, Emrich, & Shi, 2013; Fatemi, Ardalan, Aguirre, 
Mansouri, & Mohammadfam, 2017; Rufat, Tate, Burton, & Maroof, 
2015). In hazardous events like this pandemic, the sociodemographic 
status of communities could largely determine their ability to prepare 
for, respond to, and recover from the event, referred to as social 
vulnerability (Cutter, Boruff, & Shirley, 2003; Flanagan, Gregory, Hal
lisey, Heitgerd, & Lewis, 2011). Hence, socially vulnerable communities 
are generally those with a high percentage of the population who are 
considered particularly vulnerable to hazardous events. For example, 
low-income and minority people might lack access to critical resources 
and services during a disaster and thus they are more likely to suffer the 
most (Kamel, 2012). In fact, several empirical studies around the world 
have already documented that socially vulnerable communities were 
disproportionately impacted by the pandemic both in terms of infection 
and mortality rates (Coelho et al., 2020; Gaynor & Wilson, 2020; Karaye 
& Horney, 2020; Sannigrahi, Pilla, Basu, Basu, & Molter, 2020). For 
example, Sannigrahi et al. (2020) identify poverty as a key determinant 
for COVID-19 cases and deaths in the European region. 

However, on the one hand, socially vulnerable population are more 
susceptible to the pandemic because of unequal treatment such as their 
inability to access medical care, social support, and transportation ser
vices, while on the other hand, they would also be less likely or even 
unable to practice social distancing, thereby being more likely to be 
infected by the virus (Egorov, Enikolopov, Makarin, & Petrova, 2020). 
For example, social distancing is hardly an attainable reality in the 
urban slum in poor countries such as India without concomitant eco
nomic support (Wasdani & Prasad, 2020). In rich countries, socially 
vulnerable population (e.g. low-income and ethnic/racial minority) are 
also largely essential workers who are not eligible to work from home, 
may lack a place to shelter or live in a crowdy room who are unable to 
practice social distancing, and/or have prior experiences of institutional 
discriminations rendering them distrust in science and social institutions 
and more susceptible to misinformation and ‘fake news’ (Bakker & 
Dekker, 2012; Blendon et al., 2008; Van Bavel et al., 2020). One existing 
study has already demonstrated that ethnic minorities like African 
Americans in the US are less likely to comply with the stay-at-home 
orders during the pandemic (Block, Berg, Lennon, Miller, & 
Nunez-Smith, 2020). 

Studies have proliferated in exploring the relationship between 
community social vulnerability and the COVID-19 pandemic outcomes. 
There are many attempts to understand the relationship between soci
odemographic characters and infection cases and fatalities (Khazanchi 
et al., 2020; Kim & Bostwick, 2020; Mansour, Al Kindi, Al-Said, Al-Said, 
& Atkinson, 2020; Sannigrahi et al., 2020), and to explore how and to 
what extent these socially vulnerable population struggle during the 
pandemic such as maintaining social distancing behaviors and 
complying with the public health orders (Gaynor & Wilson, 2020; Kar
aye & Horney, 2020). However, existing research generally fails to 
consider that such effects are both spatial and temporal nonstationary. 
In other words, since social networks are deeply rooted in communities, 
the individual’s behaviors can be greatly affected by collective com
munity values and behaviors, which can be further affected by its sur
rounding communities (Kuebart & Stabler, 2020). Such a spatial 
interconnection of community behaviors exhibits spatial nonstationarity 
in the effects of social vulnerability on community public health out
comes that requires spatial modeling treatment. 

Additionally, the health behaviors of individuals and communities 
are also sensitive to time because the current behaviors will be greatly 
influenced by previous behaviors and the temporal change of 

containment policies. Hence, to investigate the effects of social vulner
ability on community public health behaviors requires a spatiotemporal 
analysis, but few studies to our best knowledge have implemented this 
approach. In addition, existing studies focused primarily on the ex-post 
effects of social vulnerability to the community pandemic consequences 
(e.g. Anderson et al., 2020), while limited studies have systematically 
explored how these socially vulnerable communities responded to the 
pandemic. To fill these gaps, we applied the geographically and 
temporally weighted regression (GTWR; Huang, Wu, & Barry, 2010) to 
examine the spatial and temporal effects of social vulnerability factors 
on communities’ staying-at-home behaviors. This study will aim to first 
reexamine the conventional social vulnerability factors on public health 
behaviors over space and time in the context of this pandemic. It also 
aims to disentangle the key inequality challenges facing communities to 
offer policy implications not only for effective and flexible public health 
measures amid a pandemic but also for building a more just and sus
tainable future in the post-pandemic world. 

2. Conceptual framework 

Our theoretical framework builds on the existing literature on sus
tainability, disaster management, and social and behavior science. The 
consequences of COVID-19 are complicated and have challenged the 
sustainability of the health system of different countries (Cutler, 2020). 
The health system sustainability during the public health crisis is often 
associated with the quality of the whole system and its capacity to meet 
needs without compromising extra cost. However, inequality could 
further exacerbate the spread of COVID-19 and add extra burdens to the 
health system (Ahmed, Ahmed, Pissarides, & Stiglitz, 2020; Ahmed, 
Ahmad, Rodrigues, Jeon, & Din, 2021). In the context of social vulner
ability, we suggest that addressing inequality should be the first step to 
opening up space for new approaches to sustainability during 
COVID-19. 

We conceptualize that socially vulnerable communities are less likely 
to practice social distancing behaviors because they are unable or un
willing to engage in such prosocial behaviors. Our framework is mainly 
informed by the Social Vulnerability Index (SVI) developed by the 
Center for Disease Control and Prevention (CDC) to help public health 
officials to prioritize and implement effective strategies for communities 
that are the neediest for help before, during, and after a hazardous event 
(CDC, 2020a). Four domains were adopted to construct the SVI: 1) so
cioeconomic status, 2) household composition & disability, 3) minority 
status & language, and 4) housing & transportation. Each domain has 
several variables and a total of 15 variables are included to construct the 
overall SVI. In the following, we will introduce the factors that define 
social vulnerability and hypothesize how each of the factors will 
potentially hinder social distancing in a pandemic context. 

Socioeconomic status represents the inherently disadvantaged pop
ulation that would be likely to bear the disproportionate public health 
outcomes. The existing studies have already shown that income is a key 
factor in social distancing responses during this pandemic (Weill, Sti
gler, Deschenes, & Springborn, 2020; Zhai, Liu, & Peng, 2020). Specif
ically, the poor are less likely to have adequate financial resources to 
support their stay-at-home behaviors (Wright, Sonin, Driscoll, & Wilson, 
2020). For example, people who live below the poverty line, are un
employed, and/or low-income would not be able to sustain their 
stay-at-home behaviors and thus they would have to go outside their 
homes to seek income (Martin, Markhvida, Hallegatte, & Walsh, 2020). 
A higher percentage of the poor might also be those who lack a shelter to 
stay in place or even homeless (Pirtle, 2020). In addition, less educated 
people (i.e., no high school diploma) are less likely to trust science and 
institutions, to make rational decisions, and/or to have access to 
consistent and reliable public health information (Achterberg, De Kos
ter, & Van der Waal, 2017). 

Household composition and disability identifies those who are 
dependent and require additional support so that they might be 
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particularly sensitive to social distancing behaviors during a lockdown. 
Children (i.e. aged 17 or younger), for instance, are generally dependent 
on their parents and they lack the resource or knowledge to practice 
social distancing behaviors without parental guidance (Brody & Shaffer, 
1982). Hence, we assume that the presence of children would require 
more care from their parents, which might consequently encourage 
stay-at-home behaviors during the closure of schools. Elderly (i.e. aged 
65 or older) and disabled people require the assistance of others, which 
would encourage out-of-home activities of other people to help them, 
although not necessarily from the same neighborhoods. To this end, we 
still assume that more elderly and disabled populations in communities 
would generally reduce social distancing behaviors. Lastly in this 
domain, single-parent households are considered to be less resourceful 
or at a lower socioeconomic status, thereby increasing their burden and 
need to go out of their homes for work and daily care (Alon, Doepke, 
Olmstead-Rumsey, & Tertilt, 2020). 

Minority status & language describes the social and economic 
marginalization of population who have experienced unequal treatment 
and discriminations that would have consequently made them unable to 
engage in social-distancing behaviors. The minority groups (i.e. all 
persons except white, non-Hispanic) are well-documented to be 
discriminated against by inequitable allocation of resources (Quinn 
et al., 2011; Wright & Merritt, 2020). As a result, these marginalized 
groups of population are more likely to be lower-income, unemployed, 
and homeless, which would reduce their social-distancing behaviors. 
They are also more likely to distrust science and social institutions and 
are more susceptible to misinformation and “fake news” (Van Bavel 
et al., 2020). Immigrants with limited English proficiency (i.e., speak 
English “less than well” in our case) might lack the local social roots and 
networks to support their social-distancing behaviors and they also 
might not have the ability to access or understand reliable public health 
guidance (Clark, Fredricks, Woc-Colburn, Bottazzi, & Weatherhead, 
2020). 

Housing and transportation denote housing quality and accessibility 
that might limit the people’s ability to shelter in place. Multi-unit 
housing suggests higher density. Such housing projects can be either 
low-income public housings or high-rise luxury apartment buildings so 
that it is highly contextual. Thus, its presence might not necessarily 
cause more or less social-distancing behaviors. We assume that the effect 
of multi-unit housing might be reinforcing, which means that wealthy 
communities are more likely to execute social distancing behaviors 
because of the peer pressure while the poor are less likely to execute 
social distancing and thus less likely to form a social norm or to create 
peer pressures (Borgonovi & Andrieu, 2020). However, crowding within 
housing units is an indicator of low-income communities, which would 
reduce the social distancing behaviors similarly to what we have dis
cussed previously (Poole, Escudero, Gostin, Leblang, & Talbot, 2020), 
especially considering that housing inequality has been exacerbated 
during COVID-19 (Zhai & Peng, 2020). Mobile homes are commonly 
found outside of urban areas with limited accessibility to interstate 
highways or public transit systems (Kusenbach, Simms, & Tobin, 2010; 
Prasad & Stoler, 2016). In addition to that people who live in mobile 
homes are more likely to be low-income, their remote location also in
creases their possibility of going outside for jobs and essential supplies. 
Population without automobile ownership is not only an indicator of 
poverty but it also suggests that they cannot easily obtain food supplies 
in bulk to support such long-lasting stay-at-home behaviors and they 
would rely primarily on public transit (Wilbur et al., 2020), which would 
increase their out-of-home trips. Group quarters (e.g. college dormi
tories and nursing homes) might not be able to sustain social-distancing 
behaviors because many of these institutions are either underprepared 
or understaffed to quickly respond to this pandemic (Flanagan et al., 
2011). 

3. Methodology 

3.1. Data and variables 

We used all the census tracts in New York City as our study area. We 
chose New York City because it was the earliest epicenter during the 
outbreak of the COVID-19 pandemic in the US. Census tracts were uti
lized as the spatial units for this analysis because they are a sufficient 
geographic scale with adequate demographic differences and, generally, 
a suitable spatial unit to represent local neighborhoods. The human 
mobility data from 1 March 2020 through 31 August 2020 was collected 
from anonymized mobile phone data made available by SafeGraph 
COVID-19 Data Consortium (https://www.safegraph.com/COVID 
-19-data-consortium). By excluding the 53 census tracts with missing 
data, a research sample of 2113 census tracts was finalized. The daily 
human mobility data were spatially aggregated into the census tracts 
and we chose the stay-at-home percentage, which was calculated by the 
ratio of people that were completely at home to the sampled population, 
in each census tract to be the dependent variable. The dataset was later 
temporally aggregated into six monthly time steps for the feasibility of 
computation and ease of presentations. It was achieved by averaging the 
daily data of every month in each census tract since March 1st and 
consequently, we obtained a reduced spatial panel dataset with time 1 
(March), time 2 (April), time 3 (May), time 4 (June), time 5 (July), and 
time 6 (August). 

It should also be noted that the six-month study duration can be 
divided into two time periods: during and after the lockdown, which 
allows us to further compare the public behaviors of the socially 
vulnerable communities between these varying times. Specifically, in 
New York, the first COVID-19 case was reported on 1 March 2020, and a 
state of emergency was later declared on 7 March 2020, followed by the 
lockdown order soon after. The lockdown lasted for over three months 
and the New York City began reopening on 8 June 2020. Hence, we 
considered our time steps 1 (March), 2 (April), and 3 (May) as the 
lockdown period, and 4–5 (June–August) as the post-lockdown period. 
We contend that this time frame provides an ideal coverage not only for 
comparing the periods during and after the lockdown but also for 
considering the duration of the first surge of coronavirus cases and 
flattening the curves as shown in Fig. 1 below. The new confirmed cases 
increased rapidly since mid-March (in our time step 1) and later peaked 
at around early to mid-April (time step 2). Thereafter, the number of 
cases started to decrease in May (time step 3) and stabilized from June to 
August (i.e. time step 4–5, also as post-lockdown periods). 

The independent variables were mainly based on the Center for 
Disease Control and Prevention (CDC)’s social vulnerability index (SVI). 
This index is developed to describe a community’s inherent social 
vulnerability representing their inability or lack of ability to prepare for 
and respond to hazardous events including a disease outbreak like this 
COVID-19 pandemic (Flanagan et al., 2011). We chose to include all the 
15 individual social vulnerability factors to empirically test each of the 
variables and to avoid building our models using the reductive indexes. 
See Table 1 below for a summary of the variables. 

3.2. Spatiotemporal regression 

Given the dynamically changing public health behaviors amid the 
pandemic, conventional regression models can only capture the average 
effect yet fail to account for the spatial and temporal heterogeneity. 
Geographically and temporally weighted regression (GTWR), a modified 
version of geographically weighted regression (GWR) that also considers 
temporal nonstationarity, addresses this shortcoming by allowing pa
rameters to vary over time and space. Hence, GTWR can not only offer 
important spatiotemporal implications that traditional regression 
cannot, but also provide a better understanding of how public health 
behaviors change over time and space, which is of particular signifi
cance to inform public health policy. A growing number of studies have 

X. Fu and W. Zhai                                                                                                                                                                                                                              

https://www.safegraph.com/COVID-19-data-consortium
https://www.safegraph.com/COVID-19-data-consortium


Sustainable Cities and Society 67 (2021) 102757

4

applied GTWR, such as on housing (Fotheringham, Crespo, & Yao, 2015; 
Huang et al., 2010; Shim & Hwang, 2018), air pollution (Chu & Bilal, 
2019; Mirzaei, Amanollahi, & Tzanis, 2019), and transportation (Ma, 
Zhang, Ding, & Wang, 2018), but since the model is extremely compu
tationally intensive its application is constrained to small size datasets 
and thus remains sparse. However, these studies consistently found that 
the GTWR model produced an overall better model fit and offered a 
valuable alternative to explore the spatiotemporal heterogeneity. A 
typical GTWR model can be written as follows: 

Yi = β0(ui, vi, ti) +
∑

k
βk(ui, vi, ti)Xik + εi  

where Yi is the dependent variable percentage of stay-at-home in a 
census tract neighborhood i; (ui, vi, ti) denotes the spatial location (ui, vi 
as coordinates) of census tract i at time ti; β0(ui, vi, ti) is the intercept 
value; βk(ui, vi, ti) represents a vector of parameter value for the inde
pendent variable k at the census tract i and Xik is the respective inde
pendent variable; and εi denotes error term for census tract i. What is 
distinct about the GTWR model is that it allows the parameters βk(ui, vi,

ti) to vary across the model to measure both the spatial and temporal 
variations in a spatiotemporal dataset. To calibrate this model, a space- 
time weight matrix W(ui, vi, ti), a diagonal matrix with elements rep
resenting the spatial and temporal weights of each census tract i, is 
required. The optimal spatiotemporal weight matrix is calculated by a 
cross-validation (CV) approach that aims to achieve the best goodness- 
of-fit. Given the matrix, the model is estimated using the local 
weighted least squares approach. See Huang et al. (2010) and Fother
ingham et al. (2015) for a detailed technical discussion for the GTWR 
model and its calibration. The data preparation was conducted in R and 
the model was calibrated using a GTWR Add-in in the ArcGIS 
environment. 

First, Moran’s I was computed for the dataset and its value was 0.171 
(p < 0.001) that demonstrated strong spatial autocorrelation necessi
tating a spatial regression approach. Further, a test for spatial non
stationarity was also conducted by comparing the interquartile from 
GTWR with twice the standard errors from the OLS model (appendix 1 in 
the Supplementary Materials). Since the majority of the variables exhibit 
extra local variations, the GTWR model is preferred to explore the 
spatiotemporal heterogeneity (Fotheringham et al., 2015). Three of the 
fifteen social vulnerability variables, namely multi-unit housing 
(MUNI), mobile homes (MOBI), and crowded housing (CROW), do not 
show spatial nonstationarity and they were thus excluded from further 

Fig. 1. Covid-19 Cases in New York City from March to August. 
Source: New York Times at https://github.com/nytimes/covid-19-data. 

Table 1 
Variable Summary.  

Variable Obs. Min Max Mean Std. 
Dev. 

Dependent Variable 
SAH Stay-at-home (%) 12678 5.9 76.3 43.5 9.4 
Independent Variablea 

POV Persons in poverty (%) 12678 0.0 100.0 18.1 12.6 
UNEM Civilian (age 16+) 

unemployment (%) 
12678 0.0 34.2 7.1 4.4 

PCI Per capita income (in 
thousands) 

12678 5.6 227.1 36.5 27.6 

NOHS Persons (age 25+) with no 
high school diploma (%) 

12678 0.0 62.3 18.5 11.5 

AGE65 Persons aged 65 or older 
(%) 

12678 0.0 87.8 14.3 6.8 

AGE17 Persons aged 17 and 
younger (%) 

12678 0.0 65.1 20.8 7.3 

DISAB Civilian 
noninstitutionalized 
population with a 
disability (%) 

12678 0.0 71.6 10.7 5.2 

SNGP Single parent household 
with children under 18 (%) 

12678 0.0 100.0 9.9 7.8 

MINR Minority (all persons 
except white, non- 
Hispanic; %) 

12678 0.0 100.0 67.7 29.3 

LIME Persons aged 5 or older 
who speak English “less 
than well” (%) 

12678 0.0 56.6 11.8 10.6 

MUNI Housing in structures with 
10 or more units (%) 

12678 0.0 100.0 41.8 35.5 

MOBI Mobile homes (%) 12678 0.0 24.9 0.2 0.7 
CROW At household level 

(occupied housing units), 
more people than rooms 
(%) 

12678 0.0 55.5 9.4 7.3 

NOVE Households with no 
vehicle (%) 

12678 0.0 100.0 48.3 23.8 

GROU Persons in institutionalized 
group quarters (%) 

12678 0.0 100.0 2.2 7.5  

a All independent variables, except PCI in thousands, are percentage to the 
total population in the census tracts. They were retrieved from the CDC Data 
Repository (https://svi.cdc.gov/SVIDataToolsDownload.html) based on Amer
ican Community Survey (ACS), 2014–2018 (5-year) data. 
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analyses and discussions. In addition, the GTWR model has a higher 
adjusted R squared of 0.66 as compared to 0.13 of the OLS model (ap
pendix 2), thereby suggesting that the GTWR model has significantly 
improved the overall model performance to reflect the spatial and 
temporal variations in the research sample. 

4. Results and discussions 

4.1. Overall model 

The GTWR model allows the estimated parameter coefficients to vary 
across spatial and temporal dimensions and thus the model outputs are 
presented in Table 2 for the total duration of the study to demonstrate 
the ranges of estimates using averages, minimum values, lower quar
tiles, medians, upper quartiles, and maximum values. On average, 
poverty, per capita income, no high school diploma, aged 17 or younger, 
population with disability, single parent, mobile homes, no automobile 
ownership, and group quarters are all showing a negative sign, which 
suggests that increases in the variables will generally reduce stay-at- 
home behaviors in the communities. Similarly, the positive sign of the 
other variables implies greater community stay-at-home behaviors. 
Table 3 compares the average coefficients between the lockdown and 
the post-lockdown periods to further support our analysis. The results 
are generally aligning with our prior hypotheses based on the existing 
literature but there are a few exceptions. Although the coefficient av
erages only denote the general patterns across the study area, we are still 
surprised to find that some of the results are against our hypotheses. 

Specifically, we assumed that communities with higher unemploy
ment rates will exhibit less stay-at-home behaviors but our results sug
gest otherwise. We contend that this might be due to the climbing 
unemployment rate at the early stage of the pandemic (Fairlie, Couch, & 
Xu, 2020; The Federal Reserve System, 2020) causing increased 
stay-at-home behaviors because more people had lost their jobs and thus 
must stay at home or was able to afford such behaviors with some sav
ings. The average coefficient of unemployment does drop from 0.05 
during the lockdown to approximately zero after the lockdown, sug
gesting as the unemployment rate reduces and stabilizes after reopening 
the economy the effect of unemployment on the stay-at-home behaviors 
starts to reduce and fade away. 

Additionally, communities with higher per capita income, or 
wealthier communities, are staying less at home. Since we controlled for 
a variety of socioeconomic variables, this might indicate the additional 
influences that income has on social distancing behaviors, thereby 
suggesting that higher income would generally discourage sheltering in 
place. The reason might simply be that people with higher income would 
go out more but in a safer way such as driving their own vehicles, staying 
within their own social bubbles, and exercising good public health 
measures such as maintaining social distancing and wearing masks in 
the public. 

Another surprising finding is that the marginalized population like 

the ethnic minority and people with limited English proficiency are 
shown to increase community stay-at-home behaviors. Although the 
majority of empirical studies have shown that the marginalized com
munities are less likely to exercise social distancing behaviors (Block 
et al., 2020; Coven & Gupta, 2020), they are focusing primarily on the 
African American communities. Our minority and English proficiency 
variables, however, are much more inclusive and thus they could 
represent communities with higher diversity. To this end, our findings 
are consistent with those of Egorov et al. (2020) that ethnic fractional
ization (diversity) would contribute to more prosocial behaviors because 
of stronger in-group networks and greater out-group distrust. 

4.2. Spatial dimension 

A principal feature of GWR-based models is that the model co
efficients are mappable (Ma et al., 2018). For GTWR model, not only 
each of the spatial units, census tracts in this case, has a vector of co
efficients corresponding to the different variables, but also one coeffi
cient for each of the time steps. We will use the average values for each 
census tract with respect to time in this section to explore the spatial 
variations, thereby leaving the discussions of temporal variations for the 
subsequent section. The spatial patterns of the average coefficients of 
three selected variables were visualized in Figs. 2–4 due to space limi
tation, illustrating the varying effects of each variable on the 
stay-at-home behaviors over space. Table 4 provides a contextual 
backdrop of the five New York Boroughs for our spatial discussions. In 
brief, Bronx and Brooklyn are the poorest Boroughs with the highest 
percentage of African Americans. In contrast, Manhattan, the central 
business district, has the highest per capita income and population 
density. Queens and Staten Islands are in between, where Queens leans 
towards the poverty side and Staten Island otherwise. 

The average effects of poverty are generally significant across the 
city for the duration of this study (Fig. 2). During the lockdown, the 
effects of poverty are the strongest in Brooklyn, spreading over to the 
surrounding communities. This might be due to that Brooklyn not only 
has the highest total population but also the most African Americans. 
Hence, communities in these neighborhoods are particularly suffering 
from poverty exacerbated by the Pandemic, which limited their ability 
to shelter in place. Surprisingly, the effects are somehow small in Bronx, 
which might be due to the diminishing marginal effect of greater poverty 
in these areas. However, after the lockdown, the effects in Bronx and 
Northeastern Queens become the strongest which implies that people in 
extreme poverty have greatly suffered from the lockdown. Thus, since 
the reopening of the economy, people in these communities are most 
likely to exhaust their savings during the prolonged lockdown and, 
therefore, they are the least likely to continue staying at home. 

The average effects of unemployment are only shown to reduce stay- 
at-home behaviors in some part of Staten Island and Bronx for the all- 
time duration (Fig. 3). Interestingly, during the lockdown, unemploy
ment increases stay-at-home behaviors across the city, while after the 

Table 2 
GTWR Model Summary.  

Variable AVG MIN LQ MED UQ MAX 

POV − 0.06 − 0.11 − 0.09 − 0.05 − 0.05 0.01 
UNEM 0.02 − 0.03 − 0.01 0.02 0.05 0.07 
PCI − 0.05 − 0.12 − 0.08 − 0.04 − 0.03 − 0.02 
NOHS − 0.03 − 0.07 − 0.03 − 0.03 − 0.01 0.02 
AGE65 0.01 − 0.02 − 0.01 0.01 0.03 0.06 
AGE17 − 0.02 − 0.13 − 0.07 − 0.01 0.01 0.05 
DISAB − 0.05 − 0.13 − 0.10 − 0.08 − 0.01 0.07 
SNGP − 0.10 − 0.17 − 0.14 − 0.12 − 0.07 0.00 
MINR 0.07 0.02 0.04 0.07 0.09 0.10 
LIME 0.15 0.07 0.09 0.13 0.21 0.24 
NOVE − 0.02 − 0.08 − 0.03 − 0.01 0.01 0.02 
GROU − 0.12 − 0.28 − 0.19 − 0.11 − 0.04 − 0.01 
Adjusted R2 0.66  

Table 3 
Average Coefficients in Different Time Periods.  

Variable During Lockdown 
(March, April, May) 

After Lockdown 
(June, July, August) 

All Time 
(March–August) 

POV − 0.09 − 0.04 − 0.06 
UNEM 0.05 0.00 0.02 
PCI − 0.08 − 0.03 − 0.05 
NOHS − 0.03 − 0.02 − 0.03 
AGE65 0.03 0.00 0.01 
AGE17 0.01 − 0.05 − 0.02 
DISAB − 0.02 − 0.09 − 0.05 
SNGP − 0.09 − 0.12 − 0.10 
MINR 0.05 0.09 0.07 
LIME 0.19 0.11 0.15 
NOVE − 0.03 − 0.01 − 0.02 
GROU − 0.19 − 0.04 − 0.12  
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lockdown unemployment reduces such behaviors, yet at a lower degree 
given the small coefficients, in most parts of the city. Note that the 
reason why we observe a zero coefficient for variable unemployment in 
the post-lockdown period is because the coefficient evens out when we 
sum up the positive and negative coefficients of all the census tracts in 
the city. This result further supports that the unemployed population 
during the lockdown are forced to stay at home when there are few job 

opportunities while after the lockdown these people are the most 
desperate to go outside seeking income. Additionally, the spatial dis
tributions of effects of lack of education (i.e. no high school diploma) are 
self-explanatory (Fig. 4). The undereducated populations are primarily 
concentrating in Bronx and Queens, where the effects on reducing 
social-distancing behaviors were the strongest and spreading over to 
Brooklyn and Manhattan. The effects of education are generally 

Fig. 2. Spatial Pattern of the Average Coefficients for Poverty in all time, during lockdown, and after the lockdown periods.  

Fig. 3. Spatial Pattern of the Average Coefficients for Unemployment in all time, during lockdown, and after the lockdown periods.  

Fig. 4. Spatial Pattern of the Average Coefficients for No High School Diploma in all time, during lockdown, and after the lockdown periods.  

Table 4 
Basic Characteristics of New York Boroughs.  

Jurisdiction Population Black (%) Income (median household) Per capita Income Poverty (%) Unemployment (%, average from March to August 2020) 

Bronx 1,418,207 43.60 $38,085 $20,850 27.30 19.13 
Brooklyn 2,559,903 33.80 $56,015 $31,984 18.90 15.10 
Manhattan 1,628,706 17.80 $82,459 $72,832 15.60 12.20 
Queens 2,253,858 20.70 $64,987 $30,289 11.60 16.62 
Staten Island 476,143 11.60 $79,267 $34,987 11.70 13.92 
New York City 8,336,817 24.30 $60,762 $37,693 18.90 15.58 

Source: US Census QuickFacts 2019 & New York State Department of Labor. 
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consistent during and after the lockdown period. 

4.3. Temporal dimension 

The GTWR model also allows obtaining a time series of the co
efficients over the study time steps. Fig. 5 illustrates a time series of 
average coefficients of all the variables for the entire study area. We 
could observe a common pattern that the effects of most variables were 
the greatest from the beginning of the pandemic (i.e. during the lock
down and surging cases in March and April) and their effects were 
attenuated afterward when people gradually adapted to the impacts and 
changes due to the pandemic. It is also obvious that not all the con
ventional socially vulnerable variables appear to adversely impact the 
social distancing behaviors in the context of this pandemic, many of 
which we have already discussed in the previous sections. Here, we 
would like to highlight a number of key exceptions that we have not 
focused on yet. Firstly, more people with limited English proficiency 
interestingly seem to increase stay-at-home behaviors in the commu
nities. This pattern can be probably explained by that these people are 
primarily first-generation immigrants who have little social trust with 
the greater community that renders them extremely cautious when it 
comes to self-protection behaviors like social distancing amid pandemic 
(Hagan, 1998; Kumlin & Rothstein, 2010). Secondly, single parents are 
showing alarmingly significant vulnerability during this pandemic as 
they are under the extra burden to support their families so that 
throughout the pandemic periods in this study they appear to not be able 
to shelter in place that we think is because they have to go outside to 
work and shop. Since they are the only dependent in the family, unable 
to comply with the stay-at-home orders greatly exposes them to the virus 
and if they were indeed infected the consequences for the family would 
be catastrophic. Lastly, people with disability require additional support 
from other people so that at the beginning of the lockdown they appear 
to be mostly staying at home but as the pandemic worsens and consid
ering the citywide lockdown, they would need to take care of themselves 
or require support from other community members, which all would 
increase outside trips. 

5. Policy implications and conclusions 

It is imperative to understand public health behaviors that vary over 
space and time to inform effective policy making during a pandemic. 

This study applies the GTWR model to investigate the relationship be
tween conventional social vulnerability indicators and social-distancing 
behaviors (i.e. stay-at-home) at the census tract neighborhood levels in 
New York City. The model results offer new and timely insights into 
spatial and temporal variations in the socially vulnerable communities’ 
responses to the continuing pandemic. Admittedly, there is no one-fits- 
all policy that can address the pandemic uniformly across commu
nities and over time, but we contend that public health officials should 
consider developing a continuum of effective evidenced-based and 
flexible policies that are designed to target the groups of socially 
vulnerable populations that suffered the greatest and to allow rapid 
changes to meet new needs along with the evolving ramifications of the 
pandemic. For instance, in June, New York State Governor approved a 
$100 million rental assistance funding that will offer emergency 
vouchers for vulnerable individuals or families during COVID-19. Our 
results generally imply at what time period the bill should be paid to 
vulnerable households in what places. Moreover, our results are timely 
for New York City’s Recovery Agenda, which aims to center service and 
action in communities that have undertaken the most burden of eco
nomic and health inequities during the pandemic. 

A key contribution is that our results suggest that public reactions to 
the pandemic vary and change dynamically over space and time. One 
obvious policy implication from it is to continuously identify and 
monitor the vulnerable groups of population amid the pandemic to 
develop targeted policy response for them to avoid the risk of deepening 
inequalities. It is because control measures must be equitable and in
clusive, particularly considering the hardships for our most vulnerable 
communities (Berger, Evans, Phelan, & Silverman, 2020). The govern
ment can establish collaboration with private enterprises to take 
advantage of the big data (e.g., mobile phone data, Google navigation 
data, Yelp sign-ins, or geotagged tweets) to monitor public mobility 
patterns and social distancing behaviors to jointly inform policy making 
(Zhou et al., 2020), particularly in socially vulnerable communities. In 
practice, the city of Los Angeles and RMDS Lab have partnered up to host 
an open competition for data scientists and analysts to involving in 
monitoring and combating the pandemic. Several attempts have been 
made to propose a new approach for such endeavors, such as that 
Ahmed, Ahmed, Pissarides et al. (2020) and Ahmed, Ahmad, Rodrigues, 
Jeon, & Din, 2021 developed a deep learning-based monitoring frame
work to detect social distancing behaviors using videos from the 
closed-circuit television cameras. This pandemic offers unprecedented 

Fig. 5. Temporal Variation of the Parameter Coefficients.  
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challenges for governments to overcome but at the same time it provides 
a unique opportunity to reexamine our policies, to improve, and to 
innovate. 

As it is evident that socially vulnerable populations will be dispro
portionately impacted by almost all stressors, how to reduce such in
equalities is not only a priority for local communities but also a global 
agenda as identified by the United Nations Sustainable Development 
goals (https://sdgs.un.org/goals). Hence, in a post-pandemic era, it is 
also imperative to reevaluate our community inequalities and find new 
ways to improve them in our plans, policies, and decision makings to 
make our cities more resilient in case of a second or even a third wave of 
the pandemic or another major disaster. By resilient, we mean that the 
cities should avoid the mere engineering notion of bouncing back but 
undertake transformative reform to bounce forward because the COVID- 
19 can be continuing and could be worsening before the mass vaccina
tion. As large infusions of money will be required for recovery 
(Olshansky and Johnson, 2014), the governments would need to align 
such investments to long-term sustainable development goals, aiming to 
reduce the inequality gap, rather than going down the same old path by 
focusing on immediate job creation and income growth. 
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