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This paper aims to analyze how the associations of built environment and usage of urban space changed due to
the social restrictions during COVID-19 pandemic in the United States. A total of 57,185 census block groups
(CBGs) in 459 cities were analyzed. Built environment elements including road network, green space, and land
use associated with usage of urban space (measured by over two billion mobile phone data) before/during
COVID-19 were evaluated at both CBG and city level. Our results showed drastic decreases of urban space usage,
ranging from 0.25 % to 76.35 %, among cities during COVID-19 social restriction. Specifically, CBG-level road
length-node ratio, road intersection index and land use densities contributed less to usage of urban space during
COVID-19. Meanwhile, the heterogeneity of city-level road network, commercial, public places, as well as
hospitals and health cares exhibited stronger relationship with usage of urban space. The heterogeneity of green
space at both CBG and city level showed less associations with usage of urban space during COVID-19. The
discrepancies of the built environment effects on usage of urban space between CBG and city level suggest the
importance of varying-scale analysis. Future interventions should consider space usages and health inequality
from a space-varying perspective for post-pandemic period.

1. Introduction

Usage of urban space is referred as the individual utilization of urban
space that supports the basic needs and daily activities (Du, Wang, Mao,
& Kang, 2024; Rapoport, 2016). It has been increasingly intertwined
with various built environment elements such as road, green space, and
land use, and captured the human activities with multiple urban func-
tions (Zhong et al., 2017). The interactions of usage of urban space with
built environment could be highlighted regarding the availability of
urban facilities at a micro scale such as neighborhoods (Zhong et al.,
2017). At a macro scale, the spatial heterogeneity of built environment
provides new insights in the special dynamics of usage of urban space in
cities (Taubenbock et al., 2014).

However, such interactions between built environment and usage of
urban space have been dramatically reshaped by the pandemic of
coronavirus disease (COVID-19) since 2019 (Li & Wei, 2023). Lockdown
and restricted social distancing policies before vaccinations were widely

applied (Chu et al., 2020; Karatayev, Anand, & Bauch, 2020; Kraemer
et al., 2020; Pei, Kandula, & Shaman, 2020), which have exhibited
changes of socioeconomic conditions and increased people’s negative
responses to usage of urban space such as public space visits and
working places (Bavel et al., 2020; Grantz et al., 2020; Huang et al.,
2022; Mishra et al., 2020). Such changes have exhibited challenges on
monitoring and evaluating the actual usage of urban space. First, there is
a lack of assessment to what extent social restrictions have influenced
people’s daily space use with various spatial built environment patterns.
Second, the effects of social restrictions may vary among places. It
highlights the necessity to explore whether different local built envi-
ronments during social restriction are functionable and manageable to
serve human activities. Third, whether the interactions between built
environment and urban space usage change based on different spatial
scales remains unclear. Examples are the assessment of urban green
infrastructures that suggested higher-degree inequality at the neigh-
borhood level (Wu, Wei, Liu, & Garcia, 2023). It revealed the
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importance to further distinguish the discrepancies of urban space usage
responding to the built environment between neighborhood and city
level.

This study aims to fill the research gap and examine the changing
association of built environment and usage of urban space due to
COVID-19. We formulated the following hypotheses: 1) the social re-
striction could reduce people’s social contact and further change the
usage of urban space responding to the built environment; 2) such as-
sociations of built environment features and space use vary among
different locations and spatial scales. On this basis, this study first
measured daily usage of urban space using over two billion records of
daily visits from a panel of opted-in mobile device across 459 U.S. cities,
which were compared within periods of before COVID-19, pre-social
restriction and during social restriction. Second, the spatial variations of
the associations between built environment features of road network,
green space, and land use and usage of urban space were estimated using
a Geographically Weighted Regression (GWR) model. Third, usage of
urban space was assessed based on census-block-group (CBG) level and
city level separately to distinguish the effects of neighborhood envi-
ronment and citywide heterogeneity. Findings could provide implica-
tions regarding whether an inequality of space usage and health
resources has occurred because of potential uneven and clustered dis-
tributions of human activities in a varying-scale context.

2. Literature review

2.1. Built environment, usage of urban space, and the influence of
COVID-19

Built environment is usually constructed by many elements such as
roads and green space for the (re)generation of sense of community,
place attachment, as well as urban land use which could provide basic
services for inhabitant activities (Newman, Kosonen, & Kenworthy,
2016; Zhao, 2014). The spatial allocations of built environment features
can provide multifunctional services for daily usage of urban space,
contribute to the diversity of human activities, and enhance physical/
social contacts among urban residents with social inclusion (Chen, Hui,
Wu, Lang, & Li, 2019). Since the outbreak of COVID-19, increasing
attention has been received on the drastic changes of urban space usage
with different urban functions. Built environment elements such as road
networks and urban green space, as well as many land uses, once
providing basic amenities and public transportation to maintain daily
needs, livability, and quality of local citizens’ lives, have dramatically
become the urban features that can affect disease transmission and
further changed people’s daily usage of urban space (Kwok et al., 2021;
Li, Ma, & Zhang, 2021; Mouratidis & Yiannakou, 2022).

A wide range of research has been proposed to analyze such space
usage changes along with the effects of built environment. The spatial
features of urban road network such as density and centrality and their
impacts on the spread of virus during COVID-19 have been assessed
(Tang, Lin, Fan, Yu, & Lu, 2022), and a negative relationship between
transportation efficiency and COVID-19 infection was revealed (Zhang,
Yang, & Yang, 2021). Moreover, as the essential element in urban
environment, urban green space has amplified the beneficial effects on
physical and mental health (Lusseau & Baillie, 2023; Pan, Bardhan, &
Jin, 2021). As social restrictions have limited residents’ regular activ-
ities, the needs of urban green space for providing places for physical
exercise and relaxation have increased (Ugolini et al., 2020). The
exposure to urban green space was also beneficial for mental health such
as stress relief and alcohol consumption decrease (Jato-Espino,
Moscardd, Rodriguez, & Lazaro, 2022; Maury-Mora, Gomez-Villarino, &
Varela-Martinez, 2022), emphasizing the importance of green space
accessibility. In addition, land use providing various urban functions has
reshaped people’s contacts. The function configurations such as di-
versity and accessibility have played a vital role in assessing the COVID-
19 prevalence (Huang, Kwan, & Kan, 2021; Yip, Huang, & Liang, 2021).

Cities 152 (2024) 105205

In summary, the above findings have revealed the close relationship
between built environment (i.e., including road network, green space,
and land use) and usage of urban space, indicating how such relation-
ships have been changed since COVID-19. However, space-varying
patterns of built environment and their changing effects to usage of
urban space under the influence of COVID-19 remain unclear.

2.2. Space-varying built environment and the association with usage of
urban space

The space-varying patterns of built environment and the connection
with usage of urban space could be better evaluated based on two as-
pects. The first is the spatial distribution of built environment associated
with the changing usage of urban space. Regarding such local changes,
evidence suggests that high-degree complexity of road network struc-
tures exhibits great impact on traffic flows and further changes people’s
daily activities (Wang, Zhang, Hu, & Zhang, 2022). The heterogeneity of
green space, which could distinguish the clustering and dispersal
compared to green space occupation, is highly connected with green
space proximity, and thus leads to the changes of green space visits and
life quality (Chen et al., 2023; Sharifi, Nygaard, & Stone, 2021). Influ-
enced by COVID-19 social restriction, the mediation effects of green
space on pandemic fatigue in social distance were also identified (Wu,
Lu, & Jiang, 2023). Moreover, the changing densities of urban facilities
have been proved to be consistent with urban development in different
areas (Xu et al., 2022), which further induced inequalities of space use in
terms of resource allocations, physical activities, and mental wellbeing
(Hussaini, Farhadi, Pourahmad, & Tondelli, 2023; Ramesh, McBain,
Cantor, Stein, & Yu, 2023).

Another aspect is focused on the varying-spatial-scale patterns and
effects of heterogeneity of built environment. One question remaining to
be further addressed is whether spatiotemporal changes of urban space
usage with human activities can be associated with heterogenous built
environment features at different levels, such as neighborhood and city
level. Specifically, the spatial variability of built environment configu-
rations can be high among micro-level spatial units (e.g., neighborhood
level). When these units are aggregated to the macro level (e.g., city
level), such micro-level variability from several units can exhibit a
heterogeneity of built environment. The heterogeneity of built envi-
ronment at the macro level may lead to dispersed human activities and
unequal space usage in multiple spatial clusters, as the proximity and
quality of the access to different places can be varied within this large
spatial unit (Sharifi et al., 2021). This further influences the varying
usage of urban space across a region.

3. Data and methods
3.1. Study area and data

We collected the 500 largest population cities in the U.S. from the
PLACES project (cdc.gov/places/) and further extracted census block
groups (CBGs) that was classified as urban area classified by United
States Census Bureau from 500 cities. Specifically, CBGs are clusters of
census blocks in the U.S. in which each CBG contains between 250 and
550 housing units (United States Bureau of the Census, 1994). We
removed cities with less than 20 selected CBGs to minimize the biases of
assessing the association between built environment and usage of urban
space. As a result, 459 cities with 57,185 CBGs were selected as the study
area (Fig. 1, eTable 1 in the supplementary material).

Data sources were summarized in Table 1. The built environment
was measured using multisource administrative and environmental data
including city and CBG boundaries, road and railway networks, place
data, and greenery data. The usage of urban space was quantified by the
frequency of place visitation in SafeGraph Patterns data. COVID-19
Stringency Index was adopted to determine periods of social restric-
tion during COVID-19.


http://cdc.gov/places
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Fig. 1. Distribution of 459 U.S. cities and the number of CBGs.
Table 1 m
nsum
Summary of data sources for measuring built environment, usage of urban space, HCjr = i1 Zf’: - h,»dJ- Dgym 1)
J

socioeconomics, and social restriction during COVID-19.

Dataset Source agency
Built environment  Cities Centers for Disease Control and Prevention

(data.cdc.gov/500-Cities-Places/500-Citie
s-City-Boundaries/n44h-hy2j/about_data)

Urban area United States Census Bureau (census.gov/c

CBGs gi-bin/geo/shapefiles/index.php)

Road and

railway

networks

Place data SafeGraph (docs.safegraph.com/do

cs/places)

Greenery data OpenStreetMap (openstreetmap.org)

Usage of urban SafeGraph SafeGraph (docs.safegraph.com/docs/mo
space Patterns nthly-patterns)
Socioeconomics Total United States Census Bureau (census.
population gov/programs-surveys/decennial-c
Total housing ensus/about/rdo/summary-files.html#P1)
units
COVID-19 social COVID-19 Oxford Coronavirus Government Response
restriction Stringency Tracker project (ourworldindata.org/cov
Index id-stringency-index)

3.2. Measuring the usage of urban space

In this study, we collected place-based daily visit records to places in
2019 and 2020 from the SafeGraph Patterns dataset (Table 1) to mea-
sure the usage of urban space and compare the space use changes before
and during COVID-19 pandemic. The usability and quality of this dataset
have been assessed in the previous research (Li, Ning, Jing, & Lessani,
2024; Liang et al., 2022). Specifically, daily visits of a total number of
1,807,564 places in 459 cities were included and over two billion (n =
2,648,248,625) records of daily visits were collected to measure the
usage of urban space at the CBG level and city level. We assume that the
visit counts to the ith place within the jth CBG/city during the kth month

are defined as H; = { ¥j7hfj...h§1j...h$} where h; indicates the visit
counts to the ith place within the jth CBG on the dth day during the kth

month, and n refers to the number of days during kth month. Places
within the jth CBG/city are defined as P; = { p}.p}- p}lpj"'} in which p}
is the ith place within the jth CBG/city and m indicates the total number
of places within the CBG/city. On this basis, the usage of urban spaces

was quantified as the mean daily visits to places at the CBG and city level
within each period, as follows:

where HC; r refers to the mean daily visits to places within the jth CBG/
city during the Tth period. Dy, is the total number of days.

3.3. Measurement of built environment

3.3.1. Road network

Road network features are related with the traffic volumes and ac-
tivity changes. The effectiveness of capturing road distribution patterns
to assess transportation-related activities has been supported in previous
research (Martin, Ortega, Cuevas-Wizner, Ledda, & De Montis, 2021;
Zhao, Wu, Sun, Gao, & Liu, 2016). The quantification of such charac-
teristics varies among different spatial scales. This study applied road
and railway networks from the United States Census Bureau (Table 1) to
quantify three indicators of road network features.

At the CBG level, length-node ratio is defined as the ratio of road
length and road nodes: LNR; = Lsyn;j/Nsumj, Where LNR; is the length-
node ratio within the jth CBG. Ly and Ny, refer to the total length
of roads (m) and the number of nodes within the jth CBG.

The other CBG-level indicator, road intersection index, is designed
considering the transportation features among neighborhoods, which is
defined as

RIj = NDj*(l +ENroadJ +ENrailj) (2)

where ENyq; and EN,y; are the edge nodes of roads and railways

crossing CBG boundaries of the jth CBG. ND; refers to the road node

density which is calculated as ND; = Ngym,j/Lsumj(m). Specifically, higher

values represent higher-degree intersections with neighborhood CBGs.
The city-level indicator, length density range, is calculated as:

LDR; = LDmaxj — LDpyjn; 3

in which LDR; refers to the length density range of the jth city. LDpay;
and LDp,; represent the maximum and the minimum value of road
density within the jth city. Specifically, the road density is calculated as
the total road length (m) per 100-m search radius of places with daily
visits, where the selection of 100-m search radius has been assessed in
previous research (Owens et al., 2010). Greater length density ranges
indicate higher-degree clustered road while smaller length density
ranges are related to homogeneous road distribution.


http://data.cdc.gov/500-Cities-Places/500-Cities-City-Boundaries/n44h-hy2j/about_data
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3.3.2. Green space

We collected greenery data from OpenStreetMap land use layers of
data to depict the spatial distribution of green space. The usability and
accuracy of OpenStreetMap greenery data have been assessed in previ-
ous research (Cui, Malleson, Houlden, & Comber, 2021; Ju, Dronova, &
Delclos-Ali6, 2022; Teeuwen, Milias, Bozzon, & Psyllidis, 2024). In this
study, we focused on the spatial heterogeneity characteristics that could
reflect the accessibility of the green space (Liu, Kwan, & Kan, 2021; Wu,
Peng, Liu, Weng, & Lin, 2022). A greenery shape index was proposed to
measure the CBG-level and city-level green space heterogeneity. This
index was adopted from the landscape shape index which indicates
diverse landscape shapes from the ideal circle landscapes (McGarigal,
1995). Similarly, the proposed greenery shape index focuses on the
landscape shapes of green space, with more diverse patterns represent-
ing higher heterogeneity and exhibiting greater impacts on green space
accessibility. Specifically, the greenery shape index is calculated as:

Eqmj
GSI = —""— @
2%\ /7 4;

where GSI; is the greenery shape index of the jth CBG or city. Egn; refers
to the total greenery boundaries and A; indicates the area of the jth CBG
or city. Greater greenery shape index values reveal high-degree green
space heterogeneity.

3.3.3. Land use

The usage of urban space with socioeconomic activities is strongly
associated with the spatial allocation of different land uses (Xia, Yeh, &
Zhang, 2020). In this study, we used the SafeGraph place dataset to
assess the spatial patterns of urban land uses (Table 1). This dataset
provides locations of points of interests and the urban land use infor-
mation, showing the advantages of mapping fine-spatial-scale land use
as well as their diversity (Xing & Meng, 2018). In this study, a total
number of 1,789,713 places were included and were further classified
into five land use classes (Liu et al., 2017; Zhang, Du, & Wang, 2017),
including commercial places, public services, educational places, hos-
pitals and health cares, and businesses and industries.

The measures of CBG-level land use focused on the distribution
densities, which were calculated as the number of places divided by the
total CBG area (km?). To measure the heterogeneity of land use at the
city level, we adopted the Average Nearest Neighbor Index (NNI)
(Cressie, 2015). NNI is quantified by the mean distance of each place and
its nearest neighbor’s location divided by the expected mean distance, as
follows:

DOk

NNI = DE, 5)

where DOy, refers to the mean nearest neighbor distance of the kth city,
which is measured as the average distance between each place and its
nearest place. DEy represents the expected average distance which is
calculated as:

0.5

Vn/A

in which n corresponds to the total number of places and A refers to the
minimum rectangle containing all places. Specifically, the expected
distance is considered as the average distance in a hypothetical random
distribution. Cities with smaller NNI values indicate shorter average
distance among places than the expected distance revealing that the
distribution of places exhibits clustering, while greater NNI shows the
land use distribution towards dispersion compared with the random
distribution. As the expected average distance is based on a random
distribution with the same number of places and the same total area for
each city, NNI provides an effective way to quantify the degree of spatial
heterogeneity and compare the relative changes among cities.

DE; = (6)
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3.4. Control variables

We considered socioeconomic variables including total populations
and total housing units, as well as total area as control variables. Vari-
ables were quantified using datasets from the United States Census Bu-
reau (data sources are available in Table 1). For CBG-level analysis,
CBG-level total populations, CBG-level total housing units, and indi-
vidual CBG area were directly used as control variables. For city-level
analysis, total populations, housing units and total area were summed
by CBGs in individual cities for association analysis. One should be
noted that as CBG boundaries changed between 2019 and 2020, we only
considered the total population and total housing units in 2020 to
reduce estimation biases.

3.5. Temporal changes of social restriction

COVID-19 Stringency Index, provided by the Oxford Coronavirus
Government Response Tracker (OxCGRT) project (Hale et al., 2021),
quantifies the degree of restriction of policy responses in terms of
different places and urban land uses (Nivette et al., 2021). Quantified
based on the project from the University of Oxford, this index could be
more suitable to be fitted in the selected study area in the United States
compared with other countries. This study utilized the COVID-19
Stringency Index to assess the lockdown policies during COVID-19 and
divided different lockdown stages. Higher values indicate stricter re-
sponses to COVID-19 pandemic.

To identify the temporal changes of social restriction, we adopted a
Detecting Breakpoints and Estimating Segments in Trend (DBEST)
(Jamali, Jonsson, Eklundh, Ardo, & Seaquist, 2015) model that detected
abrupt changing points of temporal Stringency Index. This algorithm
could divide non-linear temporal trends into linear time periods to
detect the significant temporal changes in time series analysis. Specif-
ically, parameter breakpoints were set as 3 time periods to capture
significant changes only and reduce estimation biases. Results showed
that the periods from 13 Mar. 2020 to 19 Mar. 2020 as the abrupt
changes of COVID-19 social restriction. According to the U.S. COVID-19
timeline, the Centers for Disease Control and Prevention recommended
no gatherings of 50 or more people in the U.S. on 15 Mar. 2020. Thus,
the date 14 Mar. 2020 was selected for COVID-19 stages division.
Moreover, same periods in 2019 were also considered for modelling
comparison. As a result, four time periods were considered as follows:

e Before COVID-19: 22 Jan. 2019-14 Mar. 2019 (2019 T1)

e Before COVID-19: 15 Mar. 2019-31 Dec. 2019 (2019 T2)

e Pre-social restriction during COVID-19: 22 Jan. 2020-14 Mar. 2020
(2020 T1)

e Social restriction during COVID-19: 15 Mar. 2020-31 Dec. 2020
(2020 T2)

3.6. Statistical analysis

The association between CBG-level and city-level built environment
and usage of urban space was investigated using the GWR model. GWR
model focuses on estimating the local relationships considering the
spatial distribution patterns of the variables (Brunsdon, Fotheringham,
& Charlton, 1998), and this model is thus suitable to assess various
spatial patters of built environment and to what extent their relation-
ships with usage of urban space changed due to the COVID-19 pandemic.

GWR model was performed in CBGs within each city separately
(CBG-level analysis) and 459 cities (city-level) during 4 time periods.
The features of built environment were used as independent variables
and the measurement of urban space usage was the dependent variable;
socioeconomic features were involved as the control variables (see
Table 2). Specifically, a Box-Cox transformation, which transforms the
non-normal variable into normal ones to meet the normal distribution
model assumption, was used to preprocess data. To evaluation the effect
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Table 2
Variables used in the GWR model.
Variables Measure
Independent Length-node ratio The ratio of road length and road nodes
variables (at the CBG level) (m/per road node)
Road intersection The road node density is multiplied by
index the number of edge nodes of roads
crossing CBG boundaries (at the CBG
level)
Length density range ~ The data range of road density (at the
city level) (m/square m)
Greenery shape An index adopted from landscape shape
index index measuring the heterogeneity of
green space (at the CBG and city level)
Density of For each land use class, the number of
commercial places places is divided by the total CBG area
Density of public (at the CBG level) (number of places/
services square km)
Density of
educational places
Density of hospitals
and health cares
Density of businesses
and industries
NNI of commercial For each land use class, this index
places measures the heterogeneity of place
NNI of public distribution (at the city level)
services
NNI of educational
places
NNI of hospitals and
health cares
NNI of businesses
and industries
Control Total populations Total populations of each CBG/city (at
variables the CBG and city level)
Total housing units Total housing units of each CBG/city (at
the CBG and city level)
Total area Total area of each CBG/city (at the CBG
and city level) (square m)
Dependent Usage of urban space  The mean daily visits to places (at the
variable CBG and city level) (visit times/per day)
Table 3
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of multicollinearity of the proposed variables and reduce estimation
biases, the variance inflation factors (VIF) were quantified. A variable
with VIF greater than 10 may have potential multicollinearity and
would be excluded from the model. The model was implemented with
Gaussian distribution and an optimal adaptive bandwidth with a bi-
square kernel which assigns a weight of zero beyond the bandwidth. A
leave-one-out cross validation was utilized for parameter optimization.
In addition, GWR was compared with ordinary least squares (OLS) to
assess the effects of spatial heterogeneity on the built environment
features. Model with goodness of fit of higher values of adjusted R? gains
better performance.

The output of GWR model exhibited independent coefficients for
CBGs or cities. For the coefficients of each variable, the positive or
negative coefficients indicate that one-unit increase of a built environ-
ment feature is associated with a coefficient-value-unit increase or a
decline in the usage of urban space controlled by other variables.

4. Results
4.1. Descriptive statistics

The descriptive statistics of variables is listed in Table 3. The dras-
tically decreasing activities in 2020 T2 compared with other periods
(from 144.031 in 2019 T1 to 82.734 in 2020 T2 based on CBG level, and
from 17,944.297 in 2019 T1 to 10,307.565 in 2020 T2 based on city
level) revealed the changing responses of urban space usage under the
governments’ intervention.

Fig. 2 represents the changing activities across the 459 cities (details
were provided in eTable 1 in the supplementary material). Based on the
average values of CBG-level aggregated daily place visits calculated for
each city during 4 periods, a significant reduction of urban space usage
during the 2020 T2 period was revealed in most cities. The decreases of
urban space usage during 2020 T2 varied from 0.25 % to 76.35 % among
cities. Meanwhile, similar-degree daily activities in 2019 T1, 2019 T2
and 2020 T1 were shown, indicating that less impacts were revealed
before country-scale social restriction policies even after the outbreak of
COVID-19.

Descriptive statistics of CBG-level and city-level built environment characteristics. Minimum, maximum, mean values, and standard deviation of built environment
characteristics were summarized.

Variables CBG-level statistics City-level statistics
Min. Max. Mean St. Dev. Min. Max Mean St. Dev.
Independent Length-node ratio 15.449 944.505 58.619 19.705 - - - -
variables Road intersection index 0.000 2.971 0.465 0.242 - - - -
Length density range - - - - 8.251 28.505 15.480 3.750
Greenery shape index 0.000 33.077 0.353 0.971 0.126 72.460 3.632 4.911
Density of commercial places 0.000 10,096.242  47.390 150.916 - - - -
Density of public services 0.000 2691.169 13.782 37.267 - - - -
Density of educational places 0.000 336.651 3.480 11.136 - - - -
Density of hospitals and health 0.000 10,175.598  19.154 102.113 - - - -
cares
Density of businesses and 0.000 3903.972 52.693 121.331 - - - -
industries
NNI of commercial places - - - - 0.192 0.644 0.370 0.076
NNI of public services - - - - 0.407 1.153 0.731 0.118
NNI of educational places - - - - 0.405 1.738 0.958 0.212
NNI of hospitals and health - - - - 0.149 0.777 0.342 0.099
cares
NNI of businesses and - - - - 0.290 0.796 0.526 0.087
industries
Control variables Total populations 0 13,527 1329 587 8226 3,292,243 70,146 187,358
Total housing units 0 6170 563 260 22,274 8,022,848 165,551 450,808
Total area 4.569E+03  2.154E+07  6.162E+05  7.223E+05  5.566E+06  9.468E+08 7.677E+07  1.124E+08
Dependent Space usage (2019 T1) 0.000 61,040.769 144.031 395.178 1183.000 705,700.439 17,944.297 42,692.887
variables Space usage (2019 T2) 0.027 65,713.065  147.689 416.733 1178.027 697,673.564  18,399.938  42,230.092
Space usage (2020 T1) 0.019 65,875.679  156.631 428.855 1403.717 679,144.502  19,514.056  41,883.561
Space usage (2020 T2) 0.024 20,804.024  82.734 188.616 514.099 289,971.260  10,307.565  19,416.652
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Fig. 2. Average daily CBG-level urban space usage of 4 periods among 459 U.S. cities. Bars with green, yellow, purple, and pink colors represent the urban space
usage measured by daily place visits during 2019 T1, 2019 T2, 2020 T1, and 2020 T2, respectively. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

4.2. Built environment and usage of urban space at the CBG level

The changing associations of CBG-level built environment and usage
of urban space during four periods was calculated as the mean co-
efficients of all GWR models (see Fig. 3). Compared with the results
before social restriction, the coefficients exhibited significant changes
during social restriction in 2020 T2. Specifically, road network features
were less associated with usage of urban space since COVID-19 (co-
efficients of length-node ratio decreasing from —0.366 in 2019 T1 to

Length-node ratio

2019 T1 2019 T2 2020 T1 2020 T2

—0.098 2020 T2; coefficients of road intersection decreasing from
—0.094 in 2019 T1 to —0.058 2020 T2). That means social restriction
exhibited significant impacts on reducing neighborhood social contact
at the early COVID-19. The heterogeneity of green space was less asso-
ciated with usage of urban space (coefficients decreasing from 0.016 to
0.013) after social restriction, showing that people were more respon-
sive to neighborhood green space regardless of the proximity within
CBGs. Moreover, decreasing correlations between CBG-level land use
densities and usage of urban space were revealed, indicating less
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Fig. 3. Average GWR coefficients of CBG-level built environment features during 4 periods. The x-axis represents four periods including 2019 T1 and 2019 T2 and
2020 T1 and 2020 T2 during COVID-19. The y-axis represents GWR coefficients of CBG-level built environment features which were associated with the changes of
usage of urban space.
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attractiveness of high-density distributed urban facilities during social
restriction. Such decrease trend implies the effect of stringency policies
that lead to the decrease of visit frequencies during social restriction in
the U.S.

We further distinguished their varying associations among individ-
ual CBGs from the coefficients of each GWR model. The significantly
changing coefficients during social restriction (2020 T2) could be
distinguished (see Fig. 4). High coefficients variability of road network
features including length-node ratio and road intersection index in 2020
T2 were exhibited among CBGs. It could be explained by the reasons that
the traffic volume could vary among the road types and classes such as
primary, secondary roads, and highways (Lingras, Sharma, Osborne, &
Kalyar, 2000). Moreover, the road intersection may cause both import
and export of transportation among CBGs. As road types and classes
could be highly varied due to urban functions among different neigh-
borhoods, the connections of road networks between CBGs may lead to
increasing mobilities in many areas while decreasing mobilities in other
neighborhoods. Regarding green space, diverse associations were found
with both increasing and decreasing trends between green space het-
erogeneity and usage of urban space. Like overall trends, the associa-
tions of land use densities and usage of urban space decreased in most
CBGs. However, the densities of commercial places and public services
in several CBGs exhibited increased association with usage of urban
space. The potential factors including people’s socioeconomic status and
the spatial allocation of urban facilities may lead to such discrepancies.

Length-node ratio Road intersection index
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Fig. 4. GWR coefficients of CBG-level built environment features across indi-
vidual CBGs. The x-axis represents 4 periods and y-axis represents GWR co-
efficients of CBG-level built environment features associated with usage of
urban space. Each blue line represents the temporal coefficient changes from
2019 T1 to 2020 T2 of one CBG. Violin plots in red show the distribution of CBG
numbers with different coefficients; larger violin width indicates more CBGs
with similar coefficients. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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4.3. Built environment and usage of urban space at the city level

The mean coefficients of built environment features were calculated
from all city-level GWR models (see Fig. 5). Road network heterogeneity
exhibited positively increasing association with usage of urban space
(coefficients increasing from 0.015 in 2019 T1 to 0.061 in 2020 T2).
That means that the concerns about the accessibility to different places
were increasingly influenced by social restriction during COVID-19. It
provides evidence that the space use related to varying human activities
could benefit more from high-density road networks with higher prox-
imity while social contacts declined. For the city-level greenery het-
erogeneity, slightly decreasing associations with usage of urban space
were shown during 2020 T2. It may indicate that the overall visit fre-
quencies to green space might decline due to the policies or the reduced
willingness of social contact. Regarding the heterogeneity of land use,
higher NNI values of commercial places as well as hospitals and health
cares were associated with less usage of urban space and such trend was
increased during social restriction (coefficients of NNI of commercial
places: from —0.017 to —0.026; coefficients of NNI of hospitals and
health cares: from —0.014 to —0.028). That means people’s daily visits
were reduced with the dispersion of commercial, hospital, and health
cares. In contrast, more usage of urban space was associated with the
clustered distribution of those places in cities which indicates the
increasing effectiveness of advanced accessibilities to attracts people
during COVID-19. For the heterogeneity of public service, the increasing
association of the heterogeneity with reducing usage of urban space
could be explained by the people’s willingness of maintaining social
distance. Regarding the educational places, positive associations with
usage of urban space were reported before social restriction but the
association became negative during the social restrictions in 2020 T2.
That means the clusters of educational facilities, which are usually
connected with higher education compared with the dispersal places
related to primary and secondary schools, were associated with more
usage of urban space during social restriction. Additionally, the
decreasing usage of urban space was found to be associated with the
clustered business and industrial places during social restriction, which
was consistent with the work-from-home policy in many companies to
reduce social contact.

Coefficients of each built environment feature from city-level GWR
models were shown in Fig. 6. While no significant changes of GWR co-
efficients were found before social restriction, high variability was
revealed in 2020 T2 in most cities. Particularly, road network hetero-
geneity exhibited both positively and negatively increasing associations
with usage of urban space during 2020 T2 (coefficients ranging from
—0.059-0.085 in 2019 T1 to —0.086-0.208 in 2020 T2), revealing the
variety of human activity responses to social restriction regarding the
diversity of urban functions and road network types among cities.
Similar evidence for the green space heterogeneity was also found (co-
efficients in 2019 T1 and 2020 T2: from —0.011 to 0.014, from —0.027
to 0.029). Specifically, cities exhibiting positively increasing associa-
tions, in which higher green space heterogeneity were linked with
increasing space use, may be explained by the demands of visits in many
green places to maintain physical and mental health regardless of the
spatial accessibilities. Moreover, The NNI of commercial places, busi-
nesses and industries, public services, educational places, as well as
hospitals and public cares exhibited increasingly positive or negative
associations with usage of urban space during social restriction. It sup-
ports our hypothesis that the responses of usage of urban space to the
built environment could change due to the COVID-19, and such changes
may vary regarding different built environment features.

4.4. Sensitivity analysis
The GWR models assessed the spatial distribution of CBGs and cities

and calculate local coefficients (as shown in Fig. 4 and Fig. 6), and thus
revealed the local discrepancies in investigating built environment
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Fig. 5. Average GWR coefficients of city-level built environment features during 4 periods. The x-axis represents four periods including 2019 T1 and 2019 T2 and
2020 T1 and 2020 T2 during COVID-19. The y-axis represents GWR coefficients of city-level built environment features which were associated with the changes of

usage of urban space.

features associated with usage of urban space at both CBG and city level.
The OLS models were applied to compare and evaluate the performance
of GWR with spatial effects. The adjusted R? of GWR was much higher
than the adjusted R? of OLS during the same period (see Table 4). It
revealed the better performance of GWR and highlighted the importance
to analyze the local coefficients variation at the CBG and city level.

5. Discussion

This study used mobile-phone based data to assess the associations
between built environment and usage of urban space in 459 cities across
the U.S. Advancing from other studies, we evaluated changing benefits
of both CBG-level and city-level built environment on usage of urban
space due to COVID-19 social restriction. We found the overall
decreasing association between CBG-level built environment features
and usage of urban space during social restriction. Meanwhile, the
heterogeneity of most city-level features including city-level road
network, commercial, public places, as well as hospitals and health cares
exhibited an overall increasing association while green space and city-
level educational places showed decreasing association with usage of
urban space.

Our results suggest that compared with the road network density and
intersection at the CBG level, city-level road heterogeneity exhibited
greater associations with the changing space use due to COVID-19 social
restriction. It revealed the willingness of changing visit frequencies to
places beyond neighborhood environment by changing work behaviors
and routines and the travelling frequencies (Huang, Li, Jiang, Li, &
Porter, 2020; Xiong et al., 2020). Moreover, as the spatial distribution of
road length nodes were associated with the transportation capacities
and traffic activities (Chen, Yang, Lo, & Tang, 2002), our results may
reflect the fact regarding how the reduction of human activities could
lead to a decline of traffic volumes below the capacity.

The heterogeneity of green space was found to be less associated with
usage of urban space during social restriction at both CBG and city level.
Previous studies have discussed the effectiveness of visiting green space
beyond the concerns of proximity to reduce mental distress caused by
COVID-19 pandemic (Larson et al., 2022; Wortzel et al., 2021), which
provide suggestions for the green space design to help enhancing the
effects of maintaining physical activities and mental wellbeing. On the
other hand, our results revealed discrepancies of green space associated
with usage of urban space within different CBGs and cities. It could be
explained by the socioeconomic factors including the visit frequencies
between males and females and people with varying income, and the
diversity of the accessed green space types, which were discussed in
previous studies (Ugolini et al., 2020).

Our results found that the land use features associated with usage of
urban space varied significantly not only between CBG and city level but
also within CBGs and cities. Their various effects could be explained by
the socioeconomic discrepancies. For instance, the changing activities to
the green space could be explained by the social and material depriva-
tions that lead to inequal accessibilities (Burnett, Olsen, Nicholls, &
Mitchell, 2021). In addition, the socioeconomic inequality has been
assessed to closely linked to the varying physical distances to different
urban facilities (Carvalho et al., 2020; Jay et al., 2020). The number of
residents and the income variation could change the visit frequencies of
public services, industries, and hospitals, as people with high-level in-
come have more affordable ways to different places (Macedo, Lotero,
Cardillo, Menezes, & Barbosa, 2022). Such discrepancies suggested the
necessity to assess the urban planning and spatial allocation of current
urban facilities to reasonably serve people’s demands of people with
varying income.

Several limitations are required to be addressed. First, the selected
459 cities only covered approximately 30 % of the nationwide urban
area. Previous studies have reported that cities with more affluent area
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Table 4

Model assessment. CBG-level and city-level built environment — usage of urban
space associations in four periods modeled by OLS and GWR were evaluated
with adj. R?.

Time periods OLS adj. R GWR adj. R?
CBG-level analysis 22 Jan. 2019-14 Mar. 2019 0.603 0.810

15 Mar. 2019-31 Dec. 2019 0.595 0.815

22 Jan. 2020-14 Mar. 2020 0.614 0.804

15 Mar. 2020-31 Dec. 2020 0.586 0.809
City-level analysis 22 Jan. 2019-14 Mar. 2019 0.824 0.910

15 Mar. 2019-31 Dec. 2019 0.833 0.907

22 Jan. 2020-14 Mar. 2020 0.844 0.914

15 Mar. 2020-31 Dec. 2020 0.852 0.925

and multi-functional urban facilities are closely associated with more
human activities and usage of urban space (Lang et al., 2022; Tu et al.,
2022). Thus, as the largest population cities in the U.S., the built envi-
ronment features within those large cities could be measured and
assessed with less biases. To keep such assessment accuracy, we also
removed cities with less than 20 CBGs during the city selection. Second,
COVID-19 Stringency Index, which only measured country-level lock-
down conditions, may ignore the temporal inconsistency and the degree
of stringency of the proposed social restriction policies in different cities.
For instance, all non-essential construction sites were required to be shut
down from 28 Mar. 2020 in New York City, while Houston government
responded non-essential business work from home and limited the
number of staff (50 %) in building from 20 Mar. 2020. Future studies
should consider different periods of lockdown and social restrictions
based on local policies of individual cities. Moreover, although this
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study has adopted total population, total housing units, and total area of
cities and CBGs as control variables, the spatial coherence between the
neighborhood deprivation (e.g., income) and local coefficients of built
environment features, as we have discussed above, were not taken into
consideration. City types, sizes and socioeconomics should be taken into
consideration to deeply understand the varying associations between
built environment and usage of urban space. We also suggest addressing
CBG-level income condition and city-level GDP per capita in explaining
the varying usage of urban space in futures studies.

6. Conclusion

This study evaluated the changing associations between built envi-
ronment and usage of urban space due to the COVID-19 pandemic. We
found different findings based on varying spatial-level analysis. While
built environment at the CBG level including road length-node ratio,
road intersection index and land use densities exhibited decreasing as-
sociations, the heterogeneity of road network, commercial, public pla-
ces, as well as hospitals and health cares at the city level exhibited
stronger relationship with the usage of urban space during COVID-19
social restriction. Meanwhile, both CBG-level and city-level green
space heterogeneity showed less associations with usage of urban space
during COVID-19. This indicated the changing connection between
multi-spatial built environment configurations and usage of urban space
and revealed the potential impact of social restriction during COVID-19.
Findings could provide suggestions on evaluating how human activities
responding to urban functions and amenities were reshaped during the
post pandemic stage.

CRediT authorship contribution statement

Yuan Meng: Writing — review & editing, Writing — original draft,
Software, Methodology, Conceptualization. Hung Chak Ho: Writing —
review & editing, Supervision. Man Sing Wong: Writing — review &
editing, Supervision, Resources, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Other datasets generated during and/or analyzed during the current
study are available from the corresponding author on reasonable
request.

Acknowledgments

We would like to thank the funding support from the General
Research Fund (Grant No. 15603920 and 15609421), and the Collabo-
rative Research Fund (Grant No. C5062-21GF) from the Research Grants
Council, Hong Kong, China.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.cities.2024.105205.

References

Bavel, J. J. V., Baicker, K., Boggio, P. S., Capraro, V., Cichocka, A., Cikara, M., ...
Druckman, J. N. (2020). Using social and behavioural science to support COVID-19
pandemic response. Nature Human Behaviour, 4, 460-471.


https://doi.org/10.1016/j.cities.2024.105205
https://doi.org/10.1016/j.cities.2024.105205
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0005
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0005
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0005

Y. Meng et al.

Brunsdon, C., Fotheringham, S., & Charlton, M. (1998). Geographically weighted
regression. Journal of the Royal Statistical Society: Series D (The Statistician), 47,
431-443.

Burnett, H., Olsen, J. R., Nicholls, N., & Mitchell, R. (2021). Change in time spent visiting
and experiences of green space following restrictions on movement during the
COVID-19 pandemic: A nationally representative cross-sectional study of UK adults.
BMJ Open, 11, Article e044067.

Carvalho, V. M., Garcia, J. R., Hansen, S., Ortiz, A., Rodrigo, T., Rodriguez Mora, J. V., &
Ruiz, P. (2020). Tracking the COVID-19 crisis with high-resolution transaction data.
Royal Society Open Science, 8, Article 210218.

Chen, A., Yang, H,, Lo, H. K., & Tang, W. H. (2002). Capacity reliability of a road
network: An assessment methodology and numerical results. Transportation Research
Part B: Methodological, 36, 225-252.

Chen, J., Kinoshita, T., Li, H., Luo, S., Su, D., Yang, X., & Hu, Y. (2023). Toward green
equity: An extensive study on urban form and green space equity for shrinking cities.
Sustainable Cities and Society, 90, Article 104395.

Chen, T., Hui, E. C., Wu, J., Lang, W., & Li, X. (2019). Identifying urban spatial structure
and urban vibrancy in highly dense cities using georeferenced social media data.
Habitat International, 89, Article 102005.

Chu, D. K., AKL, E. A, Duda, S., Solo, K., Yaacoub, S., Schiinemann, H. J., ... Loeb, M.
(2020). Physical distancing, face masks, and eye protection to prevent person-to-
person transmission of SARS-CoV-2 and COVID-19: A systematic review and meta-
analysis. The Lancet, 395, 1973-1987.

Cressie, N. (2015). Statistics for spatial data. John Wiley & Sons.

Cui, N., Malleson, N., Houlden, V., & Comber, A. (2021). Using VGI and social media data
to understand urban green space: A narrative literature review. ISPRS Inter- national
Journal of Geo-Information, 10, 425.

Du, F., Wang, J., Mao, L., & Kang, J. (2024). Daily rhythm of urban space usage: Insights
from the nexus of urban functions and human mobility. Humanities and Social
Sciences Communications, 11, 1-10.

Grantz, K. H., Meredith, H. R., Cummings, D. A., Metcalf, C. J. E., Grenfell, B. T.,
Giles, J. R., ... Kishore, N. (2020). The use of mobile phone data to inform analysis of
COVID-19 pandemic epide- miology. Nature Communications, 11, 1-8.

Hale, T., Angrist, N., Goldszmidt, R., Kira, B., Petherick, A., Phillips, T., ... Majumdar, S.
(2021). A global panel database of pandemic policies (Oxford COVID-19 government
response tracker). Nature Human Behaviour, 5, 529-538.

Huang, J., Kwan, M.-P., & Kan, Z. (2021). The superspreading places of COVID-19 and
the associated built-environment and socio-demographic features: A study using a
spatial network framework and individual-level activity data. Health & Place, 72,
Article 102694.

Huang, X., Li, Z., Jiang, Y., Li, X., & Porter, D. (2020). Twitter reveals human mobility
dynamics during the COVID-19 pandemic. PLoS One, 15, Article e0241957.

Huang, X., Xu, Y., Liu, R., Wang, S., Wang, S., Zhang, M., ... Zhao, B. (2022). Exploring
the spatial disparity of home-dwelling time patterns in the USA during the COVID-19
pandemic via Bayesian inference. Transactions in GIS, 26, 1939-1961.

Hussaini, F., Farhadi, E., Pourahmad, A., & Tondelli, S. (2023). Spatial justice in relation
to the urban amenities distribution in Austin, Texas. Spatial Information Research, 31,
113-124.

Jamali, S., Jonsson, P., Eklundh, L., Ardo, J., & Seaquist, J. (2015). Detecting changes in
vegetation trends using time series segmentation. Remote Sensing of Environ- ment,
156, 182-195.

Jato-Espino, D., Moscardd, V., Rodriguez, A. V., & Lazaro, E. (2022). Spatial statistical
analysis of the relationship between self-reported mental health during the COVID-
19 lockdown and closeness to green infrastructure. Urban Forestry & Urban Greening,
68, Article 127457.

Jay, J., Bor, J., Nsoesie, E. O., Lipson, S. K., Jones, D. K., Galea, S., & Raifman, J. (2020).
Neighbourhood income and physical distancing during the COVID-19 pandemic in
the United States. Nature Human Behaviour, 4, 1294-1302.

Ju, Y., Dronova, 1., & Delclos-Ali6, X. (2022). A 10 m resolution urban green space map
for major Latin American cities from Sentinel-2 remote sensing images and
OpenStreetMap. Scientific Data, 9, 586.

Karatayev, V. A., Anand, M., & Bauch, C. T. (2020). Local lockdowns outperform global
lockdown on the far side of the COVID-19 epidemic curve. Proceedings of the National
Academy of Sciences, 117, 24575-24580.

Kraemer, M. U., Yang, C.-H., Gutierrez, B., Wu, C.-H., Klein, B., Pigott, D. M., ... Li, R.
(2020). The effect of human mobility and control measures on the COVID-19
epidemic in China. Science, 368, 493-497.

Kwok, C. Y. T., Wong, M. S., Chan, K. L., Kwan, M.-P., Nichol, J. E., Liu, C. H., ... Xu, Y.
(2021). Spatial analysis of the impact of urban geometry and socio-demographic
characteristics on COVID-19, a study in Hong Kong. Science of the Total Environment,
764, Article 144455.

Lang, W., Lang, H., Hui, E. C., Chen, T., Wy, J., & Jahre, M. (2022). Measuring urban
vibrancy of neighborhood performance using social media data in Oslo, Norway.
Cities, 131, Article 103908.

Larson, L. R., Mullenbach, L. E., Browning, M. H., Rigolon, A., Thomsen, J.,

Metcalf, E. C., ... D’Antonio, A. (2022). Greenspace and park use associated with less
emotional distress among college students in the United States during the COVID-19
pandemic. Environmental Research, 204, Article 112367.

Li, H., & Wei, Y. D. (2023). COVID-19, cities and inequality. Applied Geography, 160,
Article 103059.

Li, S., Ma, S., & Zhang, J. (2021). Association of built environment attributes with the
spread of COVID-19 at its initial stage in China. Sustainable Cities and Society,
102752.

Li, Z., Ning, H., Jing, F., & Lessani, M. N. (2024). Understanding the bias of mobile
location data across spatial scales and over time: A comprehensive analysis of
SafeGraph data in the United States. PLoS One, 19, Article €0294430.

10

Cities 152 (2024) 105205

Liang, Y., Yin, J., Pan, B., Lin, M. S., Miller, L., Taff, B. D., & Chi, G. (2022). Assess- ing
the validity of mobile device data for estimating visitor demographics and visitation
patterns in Yellowstone National Park. Journal of Environmental Management, 317,
Article 115410.

Lingras, P., Sharma, S. C., Osborne, P., & Kalyar, 1. (2000). Traffic volume time-series
analysis according to the type of road use. Computer-Aided Civil and Infrastruc- ture
Engineering, 15, 365-373.

Liu, D., Kwan, M.-P., & Kan, Z. (2021). Analysis of urban green space accessibility and
distribution inequity in the City of Chicago. Urban Forestry & Urban Greening, 59,
Article 127029.

Liu, X., He, J., Yao, Y., Zhang, J., Liang, H., Wang, H., & Hong, Y. (2017). Classifying
urban land use by integrating remote sensing and social media data. International
Journal of Geographical Information Science, 1-22.

Lusseau, D., & Baillie, R. (2023). Disparities in greenspace access during COVID-19
mobility restrictions. Environmental Research, 225, Article 115551.

Macedo, M., Lotero, L., Cardillo, A., Menezes, R., & Barbosa, H. (2022). Differences in the
spatial landscape of urban mobility: Gender and socioeconomic perspec- tives. PLoS
One, 17, Article e0260874.

Martin, B., Ortega, E., Cuevas-Wizner, R., Ledda, A., & De Montis, A. (2021). Assessing
road network resilience: An accessibility comparative analysis. Transportation
Research Part D: Transport and Environment, 95, Article 102851.

Maury-Mora, M., Gémez-Villarino, M. T., & Varela-Martinez, C. (2022). Urban green
spaces and stress during COVID-19 lockdown: A case study for the city of Madrid.
Urban Forestry & Urban Greening, 69, Article 127492.

McGarigal, K. (1995). FRAGSTATS: Spatial pattern analysis program for quantifying
landscape structure (Vol. 351). US Department of Agriculture, Forest Service, Pacific
Northwest Research Station.

Mishra, N. P., Das, S. S., Yadav, S., Khan, W., Afzal, M., Alarifi, A., ... Nayak, A. K.
(2020). Global impacts of pre-and post-COVID-19 pandemic: Focus on socio-
economic consequences. Sensors International, 1, Article 100042.

Mouratidis, K., & Yiannakou, A. (2022). COVID-19 and urban planning: Built
environment, health, and well-being in Greek cities before and during the pandemic.
Cities, 121, Article 103491.

Newman, P., Kosonen, L., & Kenworthy, J. (2016). Theory of urban fabrics: Planning the
walking, transit/public transport and automobile/motor car cities for reduced car
dependency. Town Planning Review, 87, 429-458.

Nivette, A. E., Zahnow, R., Aguilar, R., Ahven, A., Amram, S., Ariel, B, ... Bark, H.-M.
(2021). A global analysis of the impact of COVID-19 stay-at-home restrictions on
crime. Nature Human Behaviour, 5, 868-877.

Owens, P. M., Titus-Ernstoff, L., Gibson, L., Beach, M. L., Beauregard, S., & Dalton, M. A.
(2010). Smart density: A more accurate method of measuring rural residential
density for health-related research. International Journal of Health Geographics, 9,
1-8.

Pan, J., Bardhan, R., & Jin, Y. (2021). Spatial distributive effects of public green space
and COVID-19 infection in London. Urban Forestry & Urban Greening, 62, Article
127182.

Pei, S., Kandula, S., & Shaman, J. (2020). Differential effects of intervention timing on
COVID-19 spread in the United States. Science Advances, 6, Article eabd6370.

Ramesh, T., McBain, R. K., Cantor, J. H., Stein, B. D., & Yu, H. (2023). Mental health
outcomes among patients living in US counties lacking broadband access and
psychiatrists. JAMA Network Open, 6, €2333781.

Rapoport, A. (2016). Human aspects of urban form: Towards a man—Environment approach
to urban form and design. Elsevier.

Sharifi, F., Nygaard, A., & Stone, W. M. (2021). Heterogeneity in the subjective well-
being impact of access to urban green space. Sustainable Cities and Society, 74, Article
103244.

Tang, J., Lin, H., Fan, X., Yu, X., & Lu, Q. (2022). A topology-based evaluation of
resilience on urban road networks against epidemic spread: Implications for COVID-
19 responses. Frontiers in Public Health, 10, Article 1023176.

Taubenbock, H., Wiesner, M., Felbier, A., Marconcini, M., Esch, T., & Dech, S. (2014).
New dimensions of urban landscapes: The spatio-temporal evolution from a
polynuclei area to a mega-region based on remote sensing data. Applied Geography,
47, 137-153.

Teeuwen, R., Milias, V., Bozzon, A., & Psyllidis, A. (2024). How well do NDVI and
OpenStreetMap data capture people’s visual perceptions of urban greenspace?
Landscape and Urban Planning, 245, Article 105009.

Tu, W., Zhu, T., Zhong, C., Zhang, X., Xu, Y., & Li, Q. (2022). Exploring metro vibrancy
and its relationship with built environment: A cross-city comparison using multi-
source urban data. Geo-spatial Information Science, 25, 182-196.

Ugolini, F., Massetti, L., Calaza-Martinez, P., Carinanos, P., Dobbs, C., Ostoi¢, S. K., ...
Sauliené, 1. (2020). Effects of the COVID-19 pandemic on the use and perceptions of
urban green space: An international exploratory study. Urban Forestry & Urban
Greening, 56, Article 126888.

United States Bureau of the Census. (1994). Geographic areas reference manual. U.S.
Department of Commerce Economics and Statistics Administration BUREAU OF THE
CENSUS.

Wang, P., Zhang, Y., Hu, T., & Zhang, T. (2022). Urban traffic flow prediction: A dynamic
temporal graph network considering missing values. International Journal of
Geographical Information Science, 1-28.

Wortzel, J. D., Wiebe, D. J., DiDomenico, G. E., Visoki, E., South, E., Tam, V., ...

Gur, R. E. (2021). Association between urban greenspace and mental wellbeing
during the COVID-19 pandemic in a US cohort. Frontiers in Sustainable Cities, 3,
Article 686159.

Wu, J., Peng, Y., Liu, P., Weng, Y., & Lin, J. (2022). Is the green inequality
overestimated? Quality reevaluation of green space accessibility. Cities, 130, Article
103871.


http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0010
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0010
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0010
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0015
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0015
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0015
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0015
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0020
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0020
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0020
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0025
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0025
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0025
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0030
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0030
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0030
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0035
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0035
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0035
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0040
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0040
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0040
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0040
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0045
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0050
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0050
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0050
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0055
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0055
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0055
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0060
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0060
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0060
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0065
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0065
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0065
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0070
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0070
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0070
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0070
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0075
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0075
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0080
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0080
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0080
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0085
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0085
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0085
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0090
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0090
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0090
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0095
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0095
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0095
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0095
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0100
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0100
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0100
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0105
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0105
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0105
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0110
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0110
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0110
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0115
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0115
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0115
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0120
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0120
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0120
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0120
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0125
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0125
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0125
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0130
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0130
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0130
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0130
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0135
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0135
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0140
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0140
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0140
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0145
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0145
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0145
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0150
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0150
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0150
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0150
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0155
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0155
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0155
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0160
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0160
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0160
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0165
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0165
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0165
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0170
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0170
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0175
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0175
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0175
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0180
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0180
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0180
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0185
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0185
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0185
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0190
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0190
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0190
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0195
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0195
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0195
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0200
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0200
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0200
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0205
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0205
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0205
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0210
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0210
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0210
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0215
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0215
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0215
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0215
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0220
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0220
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0220
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0225
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0225
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0230
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0230
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0230
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0235
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0235
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0240
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0240
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0240
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0245
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0245
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0245
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0250
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0250
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0250
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0250
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0255
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0255
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0255
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0260
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0260
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0260
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0265
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0265
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0265
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0265
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0270
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0270
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0270
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0275
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0275
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0275
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0280
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0280
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0280
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0280
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0285
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0285
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0285

Y. Meng et al.

Wu, X, Lu, Y., & Jiang, B. (2023). Built environment factors moderate pandemic fatigue
in social distance during the COVID-19 pandemic: A nationwide longitudinal study
in the United States. Landscape and Urban Planning, 104690.

Wu, Y., Wei, Y. D., Liu, M., & Garcia, I. (2023). Green infrastructure inequality in the
context of COVID-19: Taking parks and trails as examples. Urban Forestry & Urban
Greening, 86, Article 128027.

Xia, C., Yeh, A. G.-O., & Zhang, A. (2020). Analyzing spatial relationships between urban
land use intensity and urban vitality at street block level: A case study of five Chinese
megacities. Landscape and Urban Planning, 193, Article 103669.

Xing, H., & Meng, Y. (2018). Integrating landscape metrics and socioeconomic features
for urban functional region classification. Computers, Environment and Urban Systems,
72, 134-145.

Xiong, C., Hu, S., Yang, M., Younes, H., Luo, W., Ghader, S., & Zhang, L. (2020). Mobile
device location data reveal human mobility response to state-level stay-at-home
orders during the COVID-19 pandemic in the USA. Journal of the Royal Society
Interface, 17, Article 20200344.

Xu, R., Yue, W., Wei, F., Yang, G., He, T., & Pan, K. (2022). Density pattern of functional
facilities and its responses to urban development, especially in polycentric cities.
Sustainable Cities and Society, 76, Article 103526.

11

Cities 152 (2024) 105205

Yip, T. L., Huang, Y., & Liang, C. (2021). Built environment and the metropolitan
pandemic: Analysis of the COVID-19 spread in Hong Kong. Building and Environment,
188, Article 107471.

Zhang, S., Yang, S., & Yang, H. (2021). Statistical analysis of spatial network
characteristics in relation to COVID-19 transmission risks in US counties. In 2021
43rd annual international conference of the IEEE engineering in Medicine & Biology
Society (EMBC) (pp. 2278-2281). IEEE.

Zhang, X., Du, S., & Wang, Q. (2017). Hierarchical semantic cognition for urban
functional zones with VHR satellite images and POI data. ISPRS Journal of
Photogrammetry and Remote Sensing, 132, 170-184.

Zhao, F., Wu, J., Sun, H., Gao, Z., & Liu, R. (2016). Population-driven urban road
evolution dynamic model. Networks and Spatial Economics, 16, 997-1018.

Zhao, P. (2014). The impact of the built environment on bicycle commuting: Evidence
from Beijing. Urban Studies, 51, 1019-1037.

Zhong, C., Schlapfer, M., Miiller Arisona, S., Batty, M., Ratti, C., & Schmitt, G. (2017).
Revealing centrality in the spatial structure of cities from human activity patterns.
Urban Studies, 54, 437-455.


http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0290
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0290
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0290
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0295
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0295
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0295
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0300
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0300
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0300
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0305
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0305
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0305
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0310
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0310
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0310
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0310
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0315
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0315
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0315
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0320
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0320
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0320
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0325
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0325
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0325
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0325
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0330
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0330
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0330
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0335
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0335
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0340
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0340
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0345
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0345
http://refhub.elsevier.com/S0264-2751(24)00419-0/rf0345

	Changing associations of built environment with usage of urban space due to the COVID-19 pandemic in the United States
	1 Introduction
	2 Literature review
	2.1 Built environment, usage of urban space, and the influence of COVID-19
	2.2 Space-varying built environment and the association with usage of urban space

	3 Data and methods
	3.1 Study area and data
	3.2 Measuring the usage of urban space
	3.3 Measurement of built environment
	3.3.1 Road network
	3.3.2 Green space
	3.3.3 Land use

	3.4 Control variables
	3.5 Temporal changes of social restriction
	3.6 Statistical analysis

	4 Results
	4.1 Descriptive statistics
	4.2 Built environment and usage of urban space at the CBG level
	4.3 Built environment and usage of urban space at the city level
	4.4 Sensitivity analysis

	5 Discussion
	6 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	Appendix A Supplementary data
	References


