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A B S T R A C T   

Most of the existing literature concerning the links between built environment and COVID-19 outcomes is based 
on aggregate spatial data averaged across entire cities or counties. We present neighborhood level results linking 
census tract-level built environment and active/sedentary travel measures with COVID-19 hospitalization and 
mortality rates in King County Washington. Substantial variations in COVID-19 outcomes and built environment 
features existed across neighborhoods. Using rigorous simulation-assisted discrete outcome random parameter 
models, the results shed new lights on the direct and indirect connections between built environment, travel 
behavior, positivity, hospitalization, and mortality rates. More mixed land use and greater pedestrian-oriented 
street connectivity is correlated with lower COVID-19 hospitalization/fatality rates. Greater participation in 
sedentary travel correlates with higher COVID-19 hospitalization and mortality whereas the reverse is true for 
greater participation in active travel. COVID-19 hospitalizations strongly mediate the relationships between built 
environment, active travel, and COVID-19 survival. Ignoring unobserved heterogeneity even when higher res
olution smaller area spatial data are harnessed leads to inaccurate conclusions.   

1. Introduction & background 

Built environment design significantly impacts public health. The 
importance of built environment design was well realized in the latter 1800s 
and early 1900s when infectious diseases (such as Influenza) were the pri
mary public health threat faced by humanity (Frumkin et al., 2004). Over 
decades, compact built environment design also proved to be effective in 
combatting noncommunicable chronic diseases, including obesity, diabetes, 
asthma, and heart diseases (Lopez-Zetina et al., 2006; Xu and Wang, 2015; 
Ewing et al., 2003; Cerin et al., 2020; Sallis et al., 2020; Sallis et al., 2012; 
Frank et al., 2006). Recent evidence also suggests that the design of built 
environment has simultaneous implications for chronic as well as infectious 
diseases (such as COVID-19) (Megahed and Ghoneim, 2020; Frank and Wali, 
2021; Frumkin, 2021). A broad spectrum of studies has documented the 
multiple mechanisms through which the built environment can influence 
health (Berrigan and McKinno, 2008; Frank et al., 2019; Jackson, 2003; Rao 
et al., 2007). Compact and dense (more walkable) environments support 
active travel and physical activity (Handy et al., 2002; Khattak and Rodri
guez, 2005; Saelens and Handy, 2008; Rodríguez et al., 2006; Brownson 
et al., 2009). Additionally, the features of a “walkable” built environment 
exhibit an inverse relationship with time spent in cars (sedentary travel) 
(Frank et al., 2004; Carlson et al., 2015). Causal evidence also suggests that 

the gains in physical activity and active travel due to being exposed to 
compact and more walkable environments over time are effective in pro
tecting and prescriptively reducing mortality and morbidity from the chronic 
disease epidemic (Schmid et al., 2015). For example, more walkable 
neighborhoods are associated with lower incidence of diabetes (Creatore 
et al., 2016), obesity and body mass index (Frank et al., 2004; Sallis et al., 
2020; Creatore et al., 2016), systolic (SBP in mmHg) and diastolic (DBP in 
mmHg) blood pressure (Sarkar et al., 2018). Serving as a key foundation for 
lasting population-level interventions, designing walkable, compact, and 
activity-supportive built environments has been effective in combating 
noncommunicable diseases and accomplishing sustainable development 
goals (WHO, 2018; United Nations, 2020). 

The emergence of the highly contagious COVID-19 virus led to dis
cussions about the role of built environment in facilitating COVID-19 
spread. The focus has been largely on density as one measure describing 
the built environment. The discussion started originally with media re
ports that held (population) density and transit use (features of “Big Cit
ies”) responsible for mortalities from COVID-19 (Shoichet and Jones, 
2020). As the COVID-19 pandemic evolved, several studies examined the 
links between population density and COVID-19 related infection and 
mortality rates – revealing contradictory results (Li et al., 2021b; Nguyen 
et al., 2020; Bray et al., 2020; Hamidi et al., 2020a; Hamidi et al., 2020b; 

* Corresponding author. 
E-mail addresses: bwali@ud4h.com, walibehram@yahoo.com (B. Wali), ldfrank@ucsd.edu (L.D. Frank).  

Contents lists available at ScienceDirect 

Health and Place 

journal homepage: www.elsevier.com/locate/healthplace 

https://doi.org/10.1016/j.healthplace.2021.102659 
Received 1 May 2021; Received in revised form 18 August 2021; Accepted 18 August 2021   

mailto:bwali@ud4h.com
mailto:walibehram@yahoo.com
mailto:ldfrank@ucsd.edu
www.sciencedirect.com/science/journal/13538292
https://www.elsevier.com/locate/healthplace
https://doi.org/10.1016/j.healthplace.2021.102659
https://doi.org/10.1016/j.healthplace.2021.102659
https://doi.org/10.1016/j.healthplace.2021.102659
http://crossmark.crossref.org/dialog/?doi=10.1016/j.healthplace.2021.102659&domain=pdf


Health and Place 71 (2021) 102659

2

Carozzi, 2020; Li et al., 2021a). Greater population density was linked 
with higher infection rates (Kulu and Dorey, 2021; Nguyen et al., 2020). 
Other earlier studies on the topic reported negative or no statistically 
significant correlations between population density and infection rate 
(Hamidi et al., 2020a; Hamidi et al., 2020b; Carozzi, 2020; Kim et al., 
2021). Since denser environments facilitate more interactions and greater 
proximity among people, one would logically expect a positive correlation 
between density and COVID-19 infection rate. Regarding mortality rates, 
Bray et al. (2020) and Kodera et al., (2020) found a positive correlation 
between mortality and population density, whereas a negative relation
ship between the two was reported elsewhere (Hamidi et al., 2020a; 
Hamidi et al., 2020b). Carozzi (2020) reported no statistically significant 
correlation between COVID-19 mortality and population density. Frank 
and Wali, 2021 argued that the mechanisms through which the built and 
natural environment influences COVID-19 infection and severity of illness 
are quite different. Individuals living in more walkable environments are 
more likely to survive the illness from COVID-19 due to the health benefits 
offered by compact and more walkable environments (such as support for 
greater physical activity and lower chronic disease prevalence). Along 
these lines, by using a broader range of built and natural environment 
features, the study assessed the role of chronic disease prevalence in 
mediating the relationship between built environment and COVID-19 
mortality using U.S. county-level data. Statistically significant negative 
relationships between built and natural environment features and 
COVID-19 mortality were found when accounting for the mediating effect 
of chronic disease prevalence (Frank and Wali, 2021). Besides built 
environment factors, the disparate sociodemographic related impacts of 
COVID-19 are also documented – with studies showing more severe im
pacts of COVID-19 in areas with higher deprivation and greater proportion 
of racial and ethnic minorities (Yang et al., 2021; Kim et al., 2021; Pierce 
et al., 2021; Gibertoni et al., 2021; Kulu and Dorey, 2021; Harris, 2020). 

1.1. Research gaps & objective 
Previous studies made important contributions by shedding new light 

on the role of density as the pandemic evolved. However, several major 
gaps remain. First, population density has been largely used as a proxy 
measure to capture the overall level of walkability, yet it is well under
stood that density alone does not make a place walkable and less car 
dependent (Cervero and Kockelman, 1997b). There are several other as
pects of community design that constitutes a walkable environment 
including heterogeneity of land uses, and connected street networks along 
with a supportive pedestrian environment1 (Saelens and Handy, 2008) 

(Sallis et al., 2018; Khattak and Rodriguez, 2005). Second, reliable esti
mates of COVID-19 incidence and severity were arguably impossible to 
gauge early on in the pandemic when several studies focused on this 
outcome were published. Testing regimes varied considerably and likely 
also systematically across urban form further confounding the ability to 
assess how built environments correlate with COVID-19. Denser urban 
areas may have been more rigorous in their testing procedures early on 
relative to sprawling lower density suburban areas. Likewise, earlier data 
on COVID-19 mortality rates were extremely dynamic and changed 
rapidly by location making it a difficult outcome to pin down. In addition 
to the focus of previous studies on density as a key built environment 
measure discussed earlier, this may explain the inconsistent and contra
dictory statistical links reported between density and infection/mortality 
rates early on the pandemic (discussed earlier). In fact, statistically sig
nificant negative correlations between broader measures of the built 
environment and COVID-19 mortality rates at a US county level were 
observed only after November 2020 when the data became relatively 
more stable (Frank and Wali, 2021). Third, most previous studies did not 
explicitly account for the important methodological concern of unob
served heterogeneity. It is unlikely that data on all other relevant factors 
likely correlated with COVID-19 outcomes (positive cases, hospitaliza
tions, mortality) could be available for analysis. Such factors can include 
attitudinal predispositions, lifestyle factors, residential preferences, and 
environmental determinants2 (to name a few). In the absence of such 
potentially important omitted factors, it is impossible to estimate reliable 
relationships between observed factors (such as built environment) and 
COVID-19 outcomes. Additionally, the “latent” effects of such unobserved 
factors could be manifested through observed variables (such as built 
environment) leading to heterogeneity in the associations between key 
built environment features and COVID-19 outcomes. In fact, when un
observed heterogeneity was adequately accounted for, Frank and Wali, 
2021 found a positive relationship (at the county level) between popula
tion density and COVID-19 infection rate – as opposed to a statistically 
significant negative relationship between the two when unobserved het
erogeneity was ignored. Fourth, evidence on how active and sedentary 
travel correlate with COVID-19 severity (hospitalizations and mortality) 
does not exist. As discussed earlier, this is important since individuals with 
more healthier travel lifestyles (greater active travel and less time spent in 
cars) have lower risk of chronic disease (Frank and Wali, 2021; Chi
dambaram et al., 2020) and can be relatively more likely to survive illness 
due to COVID-19. Finally, and most importantly, most of the previous 
studies (including US level national studies) used aggregate data at an 
extremely coarse geographic scale (Chidambaram et al., 2020). This 
required averaging density or built environment measures across large 
geographies (such as cities and counties). This is problematic because built 
environment features and COVID-19 outcomes substantially vary within 
cities and counties. 

Keeping in view the above gaps, the present study contributes by con
ducting a neighborhood-level analysis of the associations between built 
environment, COVID-19 hospitalization and mortality rate using fine- 
grained census-tract level data from King County, Washington. Findings 
can help to inform how policy makers respond to the threat of not only 
COVID-19 but future infectious disease threats. By including neighborhood- 
level data on COVID-19 hospitalizations (in addition to mortality data), we 
examine the role of hospitalization rates in mediating the relationships be
tween built environment measures and COVID-19 mortality. In addition to 
the built environment, the present study sheds light on the effects of 

1 With regards to the built environment measures, the use of population 
density as a key surrogate measure of the built environment in understanding 
COVID-19 outcomes is problematic. While healthier and more walkable 
neighborhoods are denser, dense environments are not necessarily walkable 
(especially in developing countries). Consider the city of Karachi which is 
among the most populous cities in the world, with a population density of 
around 25,229 individuals/km2 – over three times that of Vancouver (5400 
individuals/km2). However, the two cities are on completely opposite ends of 
the livability spectrum – with Karachi rated as one of the least livable cities 
globally with poor levels of pedestrian-oriented infrastructure and connectivity, 
residential allotment, public services, and transportation. As discussed else
where (Frank and Wali, 2021), greater density brings people closer and is a 
completely opposed spatial concept to distancing. It is not logically possible 
that greater population density would be unrelated or negatively correlated 
with COVID-19 infection rate. In addition, given the strong positive correlations 
between density and measures of walkable environments (especially in devel
oped countries), it is not possible to disentangle the effect of density from the 
effects of walkable built environment features. When density is used as a key 
built environment predictor, the effects of other measures of walkable envi
ronments are manifested through density. In addition to the methodological 
issue of unobserved heterogeneity (discussed next), this mechanism could be a 
key factor behind previous findings concluding that population density is un
related or negatively related with COVID-19 spread. 

2 As one example, thanks to advancements in objective-built environment 
assessment methods, measures of walkability/built environment provide 
influential data about key elements of the physical environment known to 
support active travel. However, these data still do not approach the level of 
detail needed to fully capture the entire fabric of built environment. It is 
impractical to expect that information on all the relevant environmental factors 
can be collected and/or observed in the data typically available for analysis. 
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neighborhood-level active (sedentary) travel on COVID-19 hospitalizations 
and mortality. While the focus is on hospitalization rates as a key mediator, 
we also test and include COVID-19 positivity rate as an additional mediator 
linking built environment and active/sedentary travel with COVID-19 
mortality outcomes. Methodologically, rigorous simulation-assisted 
random parameter discrete outcome models are developed for COVID-19 
positivity, hospitalization and mortality rates to account for the methodo
logical issues related to unobserved heterogeneity and omitted variable bias. 
Using the results from the heterogeneous discrete outcome models, path 
analysis is then performed to quantify the direct and indirect correlations 
between built environment, active travel, COVID-19 hospitalization and 
mortality rate. From this point onward, the terms fatality rate and mortality 
rate are interchangeably used. 

2. Methods 

2.1. Conceptual framework 

The conceptual framework shown in Fig. 1 conveys different path
ways between upstream predictors and downstream COVID-19 hospi
talization and mortality. The inclusion of hospitalization rates provides 
a broader picture of the actual neighborhood-level harm imposed by 
COVID-19 since not all hospitalizations (indicating severe illness) lead 
to deaths. In fact, compared to the early days of the pandemic, patients 
hospitalized due to COVID-19 infection were reported to be surviving at 
higher rates. Thus, to paint a broader picture of the actual COVID-19 
associated harm, hospitalization rates should also be considered in 
addition to eventual mortality outcomes. In addition, evidence suggests 
that pre-existing conditions (such as obesity) may triple the risk of se
vere illness and hospitalization due to COVID-19 infection (CDC, 2020). 
Chronic disease serves as a mechanism in the causal pathway mediating 
upstream environmental factors with downstream COVID-19 outcomes 
(Frank and Wali, 2021) which further points to the critical importance of 
demographics and social inequality. Reliable data on chronic disease are 
not typically available at a census-tract/neighborhood level. To this end, 
the inclusion of hospitalization rates can serve as a proxy for preexisting 
conditions as well. While the focus is on hospitalization rate as a key 
mediator, thanks to the suggestion by anonymous reviewers, we also 
include positivity rate as an additional mediator in the conceptual 
pathway linking built environment and active/sedentary travel with 
COVID-19 mortality outcomes. 

A more compact and walkable environment is hypothesized to be 
correlated with lower COVID-19 hospitalization rates due to the health 
benefits of increased overall activity levels (Fig. 1). To this end, the key 
hypothesis is that compared to less compact and less walkable neigh
borhoods, individuals in more compact neighborhoods are more likely 
(on-average) to survive the illness. Since the hospitalization rate 
outcome directly influences the downstream COVID-19 fatality rate, the 
built environment related variables are also indirectly related with 
COVID-19 mortality rate through their associations with hospitalization 
rates. With regards to activity patterns, we examine the role of active 
and sedentary travel behavior by capturing the commuting travel modes 
in a neighborhood. Active commuting is defined as the use of walk and/ 
or bike mode for commute travel, whereas sedentary commuting is 
defined as the use of automobile for travel purposes. Active travel modes 
(walk, bike) offer an opportunity to engage in physical activity and are 
known to be correlated with better health outcomes (Bassett et al., 2008; 
Frank et al., 2008; Raza et al., 2021; Sallis et al., 2020). Contrarily, 
sedentary (automobile) travel is positively correlated with obesity 
which predicts several other chronic health outcomes (Frank et al., 
2004). Independent of each other, enhancing active travel and reducing 
sedentary travel behaviors have been effective measures to improve 
population health and are recommended by the World Health Organi
zation for combating noncommunicable diseases. In the context of the 
present study, we hypothesize that active travel behaviors (walking, 
biking) are inversely correlated with mortality and hospitalizations from 
COVID-19, whereas sedentary travel is positively related to COVID-19 
hospitalization and mortality outcomes. Given the framework shown 
in Fig. 1, the built environment and active/sedentary travel behavior 
factors can possess direct associations with COVID-19 mortality rate 
and/or indirect associations through hospitalization rates. 

From a methodological standpoint, it is obvious that not all factors 
correlated with COVID-19 outcomes are observed in the data. These 
unobserved factors (such as attitudinal predispositions, residential 
preferences, etc.) exhibit direct “latent” effects on COVID-19 hospitali
zation and fatality rates (Fig. 1). Such (potentially important) latent 
effects cannot be explicitly quantified since the relevant factors are 
unobserved in the data (Wali et al., 2020; Mannering et al., 2020; 
Mannering et al., 2016). However, the latent effects of these unobserved 
factors could manifest through the observed exogenous factors (indi
cated by dashed lines in Fig. 1) – ultimately leading to heterogeneity in 
the coefficients associated with specific observed independent variables 

Fig. 1. Simulation-Assisted Heterogeneity Framework 
(Notes: Subscript “i” indicates individual neighborhood-level parameter estimates; The dashed lines show the latent effects of unobserved factors which are man
ifested through observed exogenous variables; Figure shows a simplified version of the multiple pathways between upstream factors and COVID-19 outcomes. For 
brevity, all possible pathways between built environment, sedentary/active travel and COVID-19 outcomes are not shown). 
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(Wali et al., 2020; Mannering et al., 2020). Fixed parameter models 
ignore this important methodological concern which can lead to erro
neous findings when significant heterogeneity exists in the underlying 
data which is then masked through aggregation. 

This results in the inability to accurately attribute a given coefficient 
to a large proportion of the sample. Likewise, due to inherent differences 
(Salon, 2015), it is unrealistic to posit that each individual respond in a 
same fashion to a potential change in built environment. In other words, 
different individuals interact differently even with a similar built envi
ronment fabric due to variations in their sociodemographic profiles, 
attitudinal predispositions and preferences. To this end, the methodo
logical framework allows estimation of individual neighborhood-level 
parameter estimates by harnessing advances in simulation-assisted 
estimation. 

2.2. Data 

Census-tracts in King County, WA, serve as the unit of analysis in this 
study. The terms census-tracts and neighborhoods are interchangeably 
used throughout the paper. Containing around 35 cities (including 
Seattle), King County is the twelfth most populous county in United 
States with over 2.2 million inhabitants and a land area of 2307 sq mi. 
King County is comprised of 397 census tracts. In the US, census tracts 
are statistical subdivisions of a county that roughly have around 4000 
inhabitants – serving as a geographical unit with highest spatial reso
lution for which demographic and built environment data are publicly 
available (beside census block groups). 

To achieve the study objectives, multiple data streams are spatially 
joined at the census tract level. Census-tract level data on COVID-19 
(including positive cases, hospitalizations and fatalities as of March 
17th, 2021) for King County, Washington are obtained from the county’s 
COVID-19 data dashboard (https://kingcounty.gov/depts/health/ 
covid-19/data.aspx). Data on community design and built environ
ment features are obtained from the Smart Location Database (SLD) by 
US Environmental Protection Agency. SLD provides comprehensive 
block group level-built environment data that was aggregated to a 
census-tract level (Ramsey and Bell, 2014). The built-environment 
measures included in SLD are mostly indicators of the “5D” variables 
(design, diversity, design, destination accessibility, and transit access) 
used in the transportation, planning, and health literature to examine 
environmental correlates of travel behavior and health outcomes3 

(Ramsey and Bell, 2014). Data on census-tract level sociodemographic 
(race, gender, age, education, income, unemployment) and active/
sedentary travel outcomes are obtained from the American Community 
Survey (ACS). In particular, “Detailed Tables” from the ACS are used 
providing population counts for each category of relevant variables. To 
increase statistical reliability of the data (especially for less populated 
areas), most recent 5-year estimates from the ACS are used. ACS includes 
journey to work questions to assess each neighborhood’s commuting 
patterns. A primary factor is mode choice including car, truck, van, 
taxicab, bus, motorcycle, subway/elevated rail, bicycle, and walk. Pro
portions of those who walked, biked, and drove alone to work were 
calculated for each census tract in King County. 

Regarding the built environment variables, the first one relates to 
street connectivity measuring pedestrian-oriented intersection density 
per unit area (D3B in SLD database). This measure is included since it is a 
leading design/connectivity measure used extensively in the travel 
behavior and planning literature (Cho et al., 2009; Ewing and Cervero, 
2010). However, a modified intersection density measure is used in this 
study created from a weighted sum of component intersection density 
metrics. For instance, auto-oriented intersections typically are barriers 

to pedestrian and bicyclist mobility. Thus, it was given a zero weight. 
Likewise, four-way intersections were given more weight since it pro
motes street connectivity more effectively than three-way intersections. 
To capture regional auto-oriented accessibility, a regional auto cen
trality index ranging between 0 and 100 is used (D5CEI). This measure 
reflects the proportional accessibility to regional destinations by auto
mobile and capture working age population accessibility (via automo
bile) relative to the maximum auto accessibility in a core-based 
statistical area (CBSA). A time-decay network travel time is used to place 
more weight on jobs and population closer to the origin block group. The 
auto accessibility measures are generated based on data from a com
mercial Application Programming Interface (API). For details on the 
decay function, geoprocessing model to tabulate automobile accessi
bility, and equations, see (Ramsey and Bell, 2014). Higher values for a 
census tract indicate greater auto oriented accessibility. The auto cen
trality index is included in the built environment variables because 
regional destination accessibility is one of the “D” variables measuring 
the built environment (Ewing and Cervero, 2010). We do note that the 
“3D” (Cervero and Kockelman, 1997a) and “5D” built environment 
classification (Ewing and Cervero, 2010) could have some overlapping 
dimensions (e.g., between destination accessibility and 
land-use/diversity). Finally, regarding diversity and land use configu
ration, a five-tier employment and residential entropy measure is used. 
Developed originally by Cervero (1989) (Cervero, 1989), this measure 
was first applied to predict active travel by Frank and Pivo in 1994 in a 
study also based in King County Washington and used parcel data to 
determine the evenness of floor space across residential, retail, 
employment, and commercial land uses at the census tract level. Land 
use mix in the current study is derived using the evenness of the dis
tribution of residential areas and the following job classifications: retail, 
office, industrial, service, and entertainment jobs. The measure is based 
on trip production and attractions including residential and five 
employment categories. The productions and attractions are derived by 
multiplying average trip generation rates published by the Institute of 
Transportation Engineers by employment types and households. Higher 
values for this variable indicate a more even distribution of residential 
and commercial activities. For details and formulae, see (Ramsey and 
Bell, 2014). This proxies for the original land use based measure where 
more mixed land-use (live, work, play) environments were positively 
correlated with active travel and inversely correlated with driving 
(Frank and Pivo, 1994). As a limitation, we acknowledge that while the 
land-use measure includes different land-use proportions, occupation 
mix could not be included due to data unavailability. Also, while the 
land-use mix incorporates concentrations of households, type of 
households (single vs. multi-family) could not be incorporated due to 
data unavailability. Future research can also extend the present study by 
harnessing land use and points of interest (POI) data derived from social 
network APIs and digital map service providers (Gong et al., 2011). For 
the present study, such data are not publicly available at the 
neighborhood/census-tract level to our knowledge. 

2.3. Random parameter discrete outcome models 

The three dependent variables (COVID-19 positive cases, hospitali
zations and fatalities) in this study are non-negative, discrete and count 
in nature. Thus, Poisson or Negative Binomial Generalized Linear 
Modeling framework can be used at a basic level to model the three 
dependent variables. For a Poisson regression, the likelihood/probabil
ity of having a specific number of positive cases ̋ l˝, hospitalizations ̋ m˝

and number of fatalities ˝n˝in census-tract ˝i˝ can be expressed as: 

P(li)=
exp( − ϑi)ϑli

i

li!
(1)  

P(mi)=
exp( − λi)λmi

i

mi!
(2) 

3 A newer version of SLD has been released by U.S. EPA recently – enhancing 
the methodology to quantify built environment features along with inclusion of 
more built environment features. For details, see (Chapman et al., 2021). 
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P(ni)=
exp( − γi)γ

ni
i

ni!
(3)  

where: P(li), P(mi)and P(ni)represent the probability of a positive case, 
hospitalization, and fatality in census tract ˝i˝; ϑi, λiand γiare Poisson- 
distributed parameters for census tract ˝i˝equivalent to the predicted 
COVID-19 positive cases, hospitalization and fatality counts, respec
tively. Precisely, ℵi, λiand γican be modeled as log link functions con
sisting of a set of independent variables as: 

ln(ϑi)=ℵ(Xi) = ℵo + ℵ1X1i + ℵ2X2i + … + ℵKXKi (4)  

ln(λi)= β(Xi) = βo + β1X1i + β2X2i + … + βKXKi (5)  

ln(γi)= τ(Xi) = τo + τX1i + τ2X2i + … + τKXKi (6)  

where: Xiis a vector of census-tract specific independent variables 
(indexed by K); ℵ, βand τare vectors of estimable parameter estimates for 
corresponding variables in Xiin the equation for positive cases (Eq. (4)), 
hospitalizations (Eq. (5)) and fatalities (Eq. (6)), respectively. The 
functions in Eq. (4) through Eq. (6) can be maximized with maximum 
likelihood estimation procedures. The above exposition can be alge
braically manipulated to model rates (instead of counts) within the 
Poisson framework. A natural logarithm of census-tract population is 
included as an exposure term to model the outcomes as rates and to 
account for the varying level of exposure (population) across neigh
borhoods. The coefficients on the exposure terms are constrained to be 1 
– which allows modeling the dependent variables as rates per capita 
(instead of counts). With this, the models in Equation (4) through (6) 
become models of per capita positivity, hospitalization, and fatality 

rates: ln(ϑi) =
∑K

K=0
ℵKXiK + ln(Populationi), ln(λi) =

∑K

K=0
βKXiK +

ln(Populationi), and ln(γi) =
∑K

K=0
τKXiK + ln(Populationi)– where Kis the 

number of independent variables. As is evident, the coefficients on 
exposure must be fixed at 1 to be able to model rates per capita (instead 
of counts). For details, see (Osgood, 2017). 

The fixed parameter Poisson models (Equation (1) through (6)) un
realistically assumes that the coefficients associated with each of the 
explanatory factors are fixed/constant across all the census-tracts. Given 
the methodological concern of unobserved heterogeneity (explained in 
section 2.1), random parameters can be incorporated as (subscript “K” 
for variables dropped for brevity): 

ℵi =ℵ + ωi (7)  

βi = β + ϕi (8)  

τi = τ + δi (9)  

where: ℵ, β and τ are vectors containing the fixed coefficients corre
sponding to exogenous variable k; ωi, ϕi and δiare random deviation 
terms distributed over the sample of census-tracts following a pre- 
specified distribution with zero mean and variance σ2. With this, the 
exposition in Equation (4) through (6) is extended as: 

ϑi|ωi =EXP(ℵiXi) (10)  

λi|ϕi =EXP(βiXi) (11)  

γi|δi =EXP(τiXi) (12) 

Finally, the likelihood for the random parameter Poisson models for 
positive cases, hospitalizations and fatalities become: 

LL=
∑

i
ln
∫

ωi

g(ωi)P(li|ωi)dωi (13)  

LL=
∑

i
ln
∫

ϕi

g(ϕi)P(ki|ϕi)dϕi (14)  

LL=
∑

i
ln
∫

δi

g(δi)P(mi|δi)dδi (15) 

Since the likelihood functions in Eq. (13) through (15) involve 
integration over densities for unobserved factors, maximum simulation 
likelihood procedures are used. To perform the simulation, Halton 
draws (as opposed to random Monte Carlo sequences) are used to ach
ieve better coverage and covariance. 200 Halton draws are used for each 
of the random-held parameter shown in the literature to yield satisfac
tory simulation results (Train, 2009). Following relevant literature 
(Mannering et al., 2016; Train, 2009; Wali et al., 2020), several distri
butions such as normal, log-normal, triangular, Weibull, logistic, and 
Erlang distributions are tested regarding the functional specification of 
the unobserved factors in Equation (13) through (15). 

2.3.1. Heterogenous direct and indirect effects 
COVID-19 positive cases are used as a chaining variable in the hos

pitalization model, whereas hospitalizations are used as a chaining 
variable in the COVID-19 mortality models. For convenience, the hos
pitalization rate and mortality rate models are referred to as upstream 
and downstream models, respectively (Fig. 1). The direct associations 
between independent variables and each of the three outcomes are 
captured in (heterogeneous) census-tract level ℵ, β and τ estimates, 
respectively. In particular, the direct effects of hospitalization rate, built 
environment, active travel, and sociodemographic controls on COVID- 
19 fatality rate are captured in a heterogeneous τ matrix, namely [τ1i,

τ2i, τ3i,…, τki]. Likewise, the (heterogeneous) direct effects of exogenous 
variables on positive cases and hospitalizations are stored in 
[ℵ1i,ℵ2i,ℵ3i,…,ℵKi] and [β1i, β2i, β3i,…, βKi]. Two sets of indirect effects 
are relevant. To calculate the indirect effects of exogenous variables on 
COVID-19 hospitalizations through positivity rate, the corresponding 
elements in [ℵ1i,ℵ2i,ℵ3i,…,ℵKi] can be multiplied with the β1i estimate 
in the hospitalization model (assuming the direct effect of positive cases 
on hospitalizations is stored in β1i. Likewise, the indirect effects of 
exogenous variables on COVID-19 fatalities through hospitalizations can 
be calculated by multiplying the corresponding elements in 
[β1i, β2i, β3i,…, βKi] with τ1i (assuming the direct effect of hospitalization 
on fatality rate is stored in τ1i). 

2.3.2. Spatial correlation analysis 
The methodological framework presented above can track unob

served heterogeneity in the determinants of COVID-19 outcomes due to 
systematic variations in unobserved factors. Since the COVID-19 out
comes in this study are correlated (discussed later), it is important to 
determine that there is no spatial autocorrelation in the regression re
siduals (Wali et al., 2018). The hypothesis is that after conditioning on 
exogeneous factors and unobserved heterogeneity, the resulting 
regression residuals do not exhibit spatial autocorrelation. Precisely, 
spatial autocorrelation can be considered as a second order variation 
that could not be accurately captured even after controlling for exoge
nous factors and unobserved heterogeneity (Wali et al., 2018). To 
examine spatial autocorrelation, we conduct Moran’s I tests on the er
rors of the random parameter models for the three COVID-19 outcomes: 
positivity, hospitalization, and fatality rates (Quddus, 2013; Banerjee 
et al., 2003; Black and Thomas, 1998). 
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where: i and j represent the indices of surrounding census-tracts; Yiand Yjare 
the average magnitude of COVID-19 outcomes in census-tracts iand j; Y*is 
the global average of COVID-19 outcomes across all census-tracts; Ψ ijis the 
spatial proximity matrix that captures the spatial correlations across 
census-tracts iand j; and nis the total number of census-tracts in the sample. 
Compared to a binary spatial contiguity matrix (1 if two census-tracts are 
neighbors, 0 otherwise), we use a distance decay function for assigning 
weights to surrounding census-tracts that can more accurately reflect the 
spatial drift in COVID-19 outcomes across the census-tracts in King county. In 
particular, Ψ ij = c(dij)if i ∕= j, and 0 if otherwise, where c(dij)is an inverse 
decreasing function of the distances between the centroids of census-tracts – 
implying that nearby census-tracts are more similar than the distant ones 
(Quddus, 2013; Banerjee et al., 2003; Black and Thomas, 1998). In terms of 
interpretation, a positive (negative) statistically significant spatial statistic 
will indicate that the COVID-19 outcomes are positively (negatively) 
correlated across the sampled census-tracts. 

3. Results 

3.1. Descriptive statistics 

Descriptive statistics for key variables at the census-tract level are 
shown in Table 1. Complete data on COVID-19 outcomes, built envi
ronment and active travel measures, and sociodemographic variables 
are available for the 397 census tracts in King County, WA. The average 

hospitalizations and fatalities across census-tracts in King County are 
12.65 and 3.57, respectively. Referring to the standard deviation esti
mates, substantial heterogeneity exists in COVID-19 hospitalizations 
and fatalities within a county (Fig. 2). In terms of built environment, the 
census tracts in King County exhibit a wide range of pedestrian-oriented 
street intersection density (as a measure of connectivity), regional auto 
centrality index (accessibility), and 5-tier employment and household 
entropy (as a measure of diversity). With a mean of 100.76, the range of 
pedestrian-oriented intersection density ranges between 4.01 and 
600.76 (Table 1). Likewise, the sampled census tracts vary significantly 
in terms of auto-oriented development (auto centrality index) and 5-tier 
employment and household entropy (diversity). 

Regarding sedentary and active travel, on-average 63% of the 
workers across the census-tracts drove alone to their work, whereas 
around 1.5% and 4.6% of the workers biked and walked for their 
commute trips, respectively. Another 9.6% of the workers in the King 
County had carpooling as their main commute travel mode. Interest
ingly, around 7% of the individuals participated in teleworking. 
Descriptive statistics for other variables are shown in Table 1. Overall, 
substantial heterogeneity in COVID-19 outcomes, built environment and 
active travel, and sociodemographic factors exists across the census- 
tracts. A county or city-level analysis, on the other hand, discards such 
heterogeneous patterns. 

Table 1 
Descriptive statistics of key variables.  

Variables Mean SD Min Max Data Source & Description 

COVID-19 Outcomes 
Positive cases 205.54 135.71 32 953 King County COVID-19 data dashboard (https://kingcounty.gov/depts/health/ 

covid-19/data.aspx) Hospitalizations 12.65 10.86 0 69 
Mortalities/fatalities 3.57 4.94 0 42 
Exposure 
Population 5607.81 1896.98 1547.29 14849.2 
Exogenous Variables 
Built Environment 
Design: Street intersection density (weighted, 

auto-oriented intersections eliminated) (in 
10s) 

10.76 7.46 0.04 60.79 2013 US Environmental Protection Agency’s (EPA) Smart Location Database 
(SLD) (variable name: D3B) 

Destination Accessibility: 
Regional auto centrality index 

60.01 17.58 5.75 97.67 2013 US EPA’s SLD (variable name: D4CEI) 

Diversity: 
Employment and household entropy 

48.79 11.93 12.08 77.58 2013 US EPA’s SLD (variable name: D2C_TRPMX1) 

Sedentary and Active Travel (workers’ transportation mode to work) (% of workers) 
Drive alone 63.14 14.71 11.09 89.06 2019 American Community Survey “Detailed Tables”: 5-year estimates 

(2015–2019) (https://www.census.gov/acs/www/data/data-tables-and-t 
ools/american-factfinder/) 

Biking 1.51 2.14 0 14.89 
Walking 4.64 8.84 0 57.45 
Carpool 9.62 4.20 0 23.85 
Teleworking 6.97 3.55 0 25.16 
Controls (% of population/total households) 
Race: Black 6.42 7.70 0 40.47 2019 American Community Survey “Detailed Tables”: 5-year estimates 

(2015–2019) (https://www.census.gov/acs/www/data/data-tables-and-t 
ools/american-factfinder/) 

Race: White 64.67 17.62 10.18 96.79 
Race: Asian 17.06 11.68 0.17 62.04 
Gender: Female 49.84 3.42 32.21 61.00 
Graduate degree holders 20.54 11.81 1.70 48.23 
High income (USD >100,000 per annum) 47.76 16.84 0 85.43 
No-vehicle households 8.89 10.91 0 68.51 
Old age (65 years +) 13.41 5.15 0 51.66 
Old age (65 years +) with disability 4.18 2.36 0 17.60 
Unemployed 2.94 1.50 0 9.31 

Notes: N = 397 census tracts; SD is standard deviation; For details on SLD database, see (Ramsey and Bell, 2014). 

Moran
′

s I spatial statistic= n
∑

i

∑

j
Ψ ij(Yi − Y*)

(
Yj − Y*)/(∑

i∕=j

Ψ ij

)∑

i
(Yi − Y*)

2 (16)   
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Fig. 2. Spatial Distribution of COVID-19 Positivity, Hospitalization and Fatality Rates Across Census Tracts in King County, WA. 
(Note: Please zoom in for better legibility. The mapping scheme is based on linear mapping from continuous numeric data to an interpolated plasma color palette.) 
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3.2. Modeling results 

The results of random parameter Poisson models for COVID-19 
positivity, hospitalization, and fatality rates are discussed next. Fixed 
parameter Poisson counterparts are also briefly discussed to highlight 
the implications of ignoring issues related to unobserved heterogeneity 
and omitted variable bias. Initially, a series of fixed parameter Poisson 
models were developed – modeling positivity, hospitalization, and fa
tality rates as a function of built environment, active and sedentary 
commute travel, and sociodemographic factors. 

In these models, the parameter estimates were assumed to be fixed/ 
constant across the census-tracts. Owing to the issue of unobserved 
heterogeneity, random parameter Poisson models were developed next 
where the parameter estimates were allowed to vary across census 
tracts. Potential heterogeneity in parameter estimates was tested for all 
the explanatory variables. Variables were treated as random parameters 
in the following two cases: (1) if heterogeneous parameters exhibited 
statistically significant mean and standard deviation terms, or (2) if the 
parameters exhibited only statistically significant variance (standard 
deviation) terms. In the latter case, the variable was treated as a random 
parameter only if the Akaike Information Criterion (AIC) of the model 
was better (lower) than the AIC of corresponding model treating the 
particular explanatory factor as fixed. Regarding the distributions tested 
for densities of unobserved factors, normal distribution provided the 
best-fit. To derive the final specifications based on variables shown in 
Table 1, a systematic process was followed considering specification 
parsimony, bivariate (unadjusted) correlations, and statistical signifi
cance. Exogenous variables were retained if they were statistically sig
nificant at a 90% confidence level and led to an improvement in model 
goodness of fit in terms of log-likelihood at convergence and AIC. Var
iables that appeared statistically insignificant in the fixed parameter 
models but later emerged significant in the random parameter coun
terparts were also retained. The models presented next were found 
relatively best in terms of predictive fit, specification parsimony, and 
providing key inferential insights. Variance Inflation Factors (VIFs) were 
computed and examined to ensure that the final specifications do not 
exhibit problematic multicollinearity (Washington et al., 2010). As a 
conservative benchmark, a VIF of greater than 10 is considered large 
enough indicating potential problems (Chatterjee and Price, 1991). The 
VIFs of all the variables included in the final models were less than 3 – 
with a maximum VIF of 2.83, indicating the absence of problematic 
multicollinearity. 

Table 2 shows the goodness-of-fit comparison for fixed and random 
parameter Poisson models for the three COVID-19 outcomes. For hos
pitalization rate outcome, three variables were found to be random 
parameters suggesting that the effects of these variables are heteroge
neous across census tracts. Compared to the fixed parameter model, 
explicitly accounting for unobserved heterogeneity led to a marked 
improvement in log-likelihood and a substantial reduction of 440 points 
in AIC. As a general rule, a difference of more than ten points between 
AICs of two competing models implies significant support in favor of the 
model with lowest AIC (Burnham and Anderson, 2004). Note that AIC 
simultaneously considers both model complexity (degrees of freedom) 
and predictive ability in assessing a set of models. Likewise, compared to 
the mean absolute predictive error (MAPE) of 4.71 for fixed parameter 
model, the MAPE for random parameter model reduced to 1.46 – a 69% 
reduction in predictive errors. In addition to the predictive and infer
ential gains (discussed later), compared to nine variables in the random 
parameter model, only seven variables were statistically significant at 
90% level of confidence in fixed parameter model. 

Similar insights were obtained for COVID-19 fatality rate outcome 
(Table 2). Compared to the fixed parameter Poisson model, the AIC of 
the random parameter Poisson model reduced by 242.7 points. Likewise, 
random parameter Poisson model led to a substantial improvement in 
predictive fit (see Fig. 3). From an inferential standpoint, only two 
variables were statistically significant in the fixed parameter model 

(compared to seven (7) statistically significant variables in the random 
parameter counterpart). Finally, the random parameter Poisson model 
for positivity rate substantially outperformed the fixed parameter 
counterpart – with a reduction of 6146.9 points in the AIC and a 
reduction in MAPE from 50.95 to 3.49 for random parameter model 
(Table 2). Overall, these findings provide compelling evidence related to 
the importance of accounting for unobserved heterogeneity. Impor
tantly, the results suggest that the associations between built environ
ment and COVID-19 outcomes even vary significantly within a county 
(as opposed to inter-county heterogeneity reported elsewhere (Frank 
and Wali, 2021). This finding is intuitive given the personalized nature 
of behavioral interactions between users and the environment.4 

Table 3 shows the estimation results for COVID-19 positivity, hos
pitalization and fatality rate outcomes. The direct and indirect effects of 
exogenous variables are shown in Table 4. Since the raw parameter 
estimates from non-linear models (such as Poisson) are not meaningful, 
the direct and indirect effects are based on relative risks. With a log- 
linear link, Poisson distributed error terms, and the addition of the 
natural logarithm of population as an offset, the exponent of the 
parameter estimates from the multiplicative Poisson models provides 
relative risk estimates or incidence rate ratio. Computed as 
[Exp(β) − 1]*100 (Eq. 6.9 in (Wooldridge, 2015)), the relative risks show 
the percent increase/decrease in positivity/hospitalization/fatality rates 
per capita with a unit increase in the exogenous variable. For random 
parameters, unconditional individual census-tract level parameter esti
mates are first estimated which are then used to estimate individual 
census-tract level relative risks. 

4. Discussion and synthesis 

This discussion of key findings is based on the results of the best-fit 
random parameter models. The key findings with regards to the direct 
and indirect effects (see Fig. 1) are presented. Higher levels of street 
connectivity and more mixed-use correlate with less sedentary and more 
active travel. The opposite is true for the regional auto centrality index. 
Results suggest that neighborhoods with more pedestrian-oriented street 
connectivity, more mixed use (in terms of residential and employment 
mix), and lower auto accessibility will on-average have lower COVID-19 
hospitalizations and fatalities. We postulate this relationship with 
COVID-19 is largely the result of increase in physical activity and lower 
levels of obesity and chronic disease associated with these built envi
ronment characteristics. 

4.1. Correlations of built environment and travel behavior with COVID- 
19 hospitalizations 

After controlling for sociodemographic and other unobserved fac
tors, pedestrian-oriented street density (indicating higher connectivity) 
and 5-tier employment and household entropy (proxy for land-use mix) 
are negatively correlated with COVID-19 hospitalizations. A ten-unit 
increase in pedestrian-oriented street intersection density correlates 
with a 1.039% reduction in COVID-19 hospitalizations per capita. 
Likewise, a one percent increase in employment and household mix is 

4 Following the discussion in section 2.3.2, we examined potential spatial 
autocorrelations in the residuals of the best-fit random parameter models for 
COVID-19 positivity, hospitalization, and fatality rates. For the three COVID-19 
outcomes including positivity, hospitalization, and fatality rates, the calculated 
Moran’s I statistics are 0.009 (p-value: 0.0007), − 0.001 (p-value: 0.70), and 
− 0.004 (p-value: 0.62) respectively. Given the statistical insignificance of the 
spatial statistic values for COVID-19 hospitalization and fatality rates, a lack of 
significant spatial autocorrelation in the regression residuals is concluded at a 
99% confidence level. While the Moran’s I statistic for COVID-19 positivity rate 
is statistically significant, we consider it unproblematic given its very small 
magnitude (0.0007). 
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associated with a 0.241% reduction in COVID-19 hospitalizations per 
capita. As expected, a percent increase in auto centrality index associ
ates with a 0.986% increase in hospitalizations (Tables 3 and 4). How
ever, the associations between employment and household mix and 
hospitalizations exhibit substantial heterogeneity in varying degrees. 
For example, with a mean structural parameter estimate of − 0.002 and 
standard deviation of 0.008 (Table 3), the associations between land-use 
mix and hospitalizations are negative for around 60% of the population 
and positive for the rest. The positive association for 40% of the popu
lation does not imply causation. Instead, it suggests that there are other 
unobserved census-tract specific factors which when combined with 
employment and household mix correlate with higher hospitalizations. 
Noteworthy is the fact that none of the street connectivity and 
employment/household mix variables were statistically significant in 
the fixed parameter model (see Table 3). The application of more 
advanced random parameter methods found that designing more 
walkable neighborhoods could be an effective strategy to combat 
COVID-19 severity while sedentary auto-oriented development may be 
further discouraged. 

Regarding active travel, a one percent increase in the proportion of 
workers using bike for work commute is associated with a 10.611% 
reduction in COVID-19 hospitalizations. Likewise, a percent increase in 
workers walking for commute is correlated with a 1.562% reduction in 
COVID-19 related hospitalizations. The significant reductions in hospi
talizations highlight the importance of active travel since individuals 
with greater participation in active travel activities are more likely to 
have lower prevalence of chronic disease (Dietz and Santos-Burgoa, 
2020) – an independent and key predictor of COVID-19 severity 
(Busetto et al., 2020; Cai et al., 2020; Frank and Wali, 2021). Also, more 
active individuals may likely have stronger immune systems. In addition 
to the health benefits discussed above, active travel may also improve 
mental health during the pandemic (Hino and Asami, 2021; Yang and 
Xiang, 2021). Both variables were also found to be random parameters 
suggesting that the associations of these variables with COVID-19 hos
pitalizations vary across neighborhoods. Regarding sociodemographic 
factors, neighborhoods with greater proportion of Black and old in
dividuals (65 years +) have higher hospitalization rates, whereas the 
reverse is true for neighborhoods with more high-income individuals 
(Tables 3 and 4). These findings are in line with previous studies doc
umenting disparate and more severe impacts of COVID-19 on vulnerable 
populations (Pierce et al., 2021; Gibertoni et al., 2021). Likewise, 
capturing exposure, neighborhoods with greater COVID-19 positive 
cases have on-average greater hospitalization rates per cases. 

4.2. Correlations of built environment and travel behavior with COVID- 
19 fatalities 

Referring to the results of random parameter Poisson model for 
COVID-19 fatalities, greater auto accessibility is positively correlated 
with neighborhood fatality rates. A one percent increase in auto cen
trality index correlates with a 0.831% increase in COVID-19 fatality 
rates. Contrarily, more mixed land use (employment and household 
entropy) is associated with lower COVID-19 fatalities. However, the 
associations between employment/household entropy and COVID-19 
fatalities are heterogeneous across the neighborhoods (see the struc
tural mean and standard deviation parameters in Table 3). Again, both 
variables were statistically insignificant in the fixed parameter model. 
These findings suggest that if unobserved heterogeneity is ignored, one 
may incorrectly conclude that greater walkability is not associated with 
mortality. Regarding commute travel, neighborhoods with greater pro
portion of workers driving alone had on-average a higher COVID-19 
mortality rate. A one percent increase in workers driving alone to 
work is associated with a 0.606% increase in COVID-19 fatalities. As 
expected, a one unit increase in COVID-19 hospitalization correlates 
with a 5.928% increase in COVID-19 mortality. The relationships be
tween sociodemographic factors and COVID-19 mortality are shown in 
Tables 3 and 4 and are intuitive. Overall, female and elder populations 
are more vulnerable to develop serious illness (hospitalizations) and die 
from COVID-19. Due to space constraints, the results of COVID-19 
positivity rate model are not discussed in detail but largely follow 
intuition. For example, in line with Yang et al. (2021), greater per
centage of telecommuting workers in a neighborhood is correlated with 
lower positivity rate (Yang et al., 2021). Neighborhoods with greater 
percentage of Black, old age, unemployed individuals have higher pos
itivity rates whereas the reverse is true for neighborhoods with greater 
percentage of white individuals. Noteworthy is the heterogeneity in the 
associations of pedestrian-oriented street connectivity with COVID-19 
positivity rate. Distributed as a normally distributed random param
eter with a mean of − 0.014 and a relatively greater standard deviation 
of 0.064, the associations are negative for around 58% of the population 
and positive for the rest. We note that the negative associations observed 
between pedestrian-oriented street connectivity and infection rate for 
58% of the population may not be attributed to greater street connec
tivity itself. Instead, it could reflect other place-based characteristics 
that neighborhoods with better street connectivity could exhibit, and 
which may lower infection rates. For example, areas that are more 
connected and exhibit more walkable infrastructure could be more 
capable of timely implementing social distancing and stay-at-home or
ders due to their better socioeconomic status – thus reducing the spread 

Table 2 
Comparison of fixed and random parameter Poisson models for COVID-19 positive cases, hospitalizations and mortalities/fatalities.  

Summary Statistics COVID-19 Positivity COVID-19 Hospitalizations COVID-19 Fatalities 

FP Poisson 
Model 

RP Poisson 
Model 

FP Poisson 
Model 

RP Poisson 
Model 

FP Poisson 
Model 

RP Poisson 
Model 

N (# of census tracts) 397 397 397 397 397 397 
No. of Halton draws – 200 – 200 – 200 

No. of significant variables at 90% level (excluding 
constant)* 

6 6 7 9 2 7 

No. of parameters (excluding constant) 6 7 9 12 7 9 
No. of random parameters 0 1 0 3 0 2 

Log-likelihood (constant-only) − 13767.68 − 13767.68 − 2330.37 − 2330.37 − 1417.58 − 1417.58 
Log-likelihood at convergence − 5453.54 − 2379.1 − 1425.6 − 1202.61 − 934.46 − 811.12 

McFadden Pseudo R2 0.604 0.827 0.388 0.484 0.340 0.428 
AIC 10921.1 4774.2 2871.2 2431.2 1884.9 1642.2 
ΔAIC [AICRANDOM-PARAMETER - AICFIXED-PARAMETER] − 6146.9 − 440 − 242.7 

Mean Absolute Prediction Error (MAPE) 50.95 3.49 4.71 1.46 2.19 0.88 

Notes: AIC is Akaike Information Criterion; (—) indicates Not Applicable; (*) This indicates the number of statistically significant exogenous variables at 90% level 
excluding constant terms and the scale parameters for randomly distributed parameter estimates; FP is fixed parameter; RP is random parameter. 
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Fig. 3. Predictive comparison of fixed and random parameter discrete outcome models for COVID-19 positivity, hospitalization and fatality/mortality outcomes.  
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of the virus. As discussed earlier (footnote 1), street connectivity is 
strongly correlated with population density in the U.S. context – and 
would be logically expected to correlate with higher infection risk. The 
random parameter framework better captures the underlying complex 

mechanisms. A fixed parameter model, on the other hand, missed the 
heterogeneous patterns, implying that the associations are negative 
throughout the population. While not the focus of the present study, 
similar heterogeneous associations were found for other built 

Table 3 
Estimation results of fixed and random parameter models for COVID-19 positive cases, hospitalizations and fatalities.  

Variables COVID-19 Positive Cases COVID-19 Hospitalizations COVID-19 Fatalities 

FP Poisson Model RP Poisson Model FP Poisson Model RP Poisson Model FP Poisson Model RP Poisson Model 

β z-score β z-score β z-score β z-score β z-score β z-score 

Intercept − 2.022 − 75.95 − 2.443 − 92.7 − 6.546 − 45.07 − 6.485 − 43.83 − 9.733 − 18.24 − 10.57 − 19.79 
Exposure (log of population) 1.00 1.00 1.00 1.00 1.00 1.00 
Chaining Variable 
Positive cases – – – – 0.001 14.62 0.002 16.27 – – – – 
Hospitalizations – – – – – – – – 0.05 27.50 0.057 28.96 
Built Environment 
Street intersection density (weighted, 

auto-oriented intersections eliminated) 
(in 10s)* 

− 0.024 − 44.37 − 0.014 − 30.54 0.003 0.94 − 0.011 − 2.97 – – – – 

standard deviation of random parameter – – 0.064 112.23 – – – – – – – – 
Regional auto centrality index – – – – 0.003 2.56 0.009 7.62 0.0006 0.26 0.008 3.51 
Employment and household entropy* – – – – 0.001 0.88 − 0.002 − 1.73 0.002 0.79 − 0.003 − 1.57 

standard deviation of random parameter – – – – – – 0.008 33.1 – – 0.007 14.23 
Sedentary and Active Travel (workers’ transportation mode to work) (% of workers) 
Drive alone – – – – – – – – 0.002 1.06 0.006 2.02 
Walking* – – – – − 0.009 − 4.060 − 0.015 − 6.510 – – – – 

standard deviation of random parameter – – – – – – 0.023 11.38 – – – – 
Biking* – – – – − 0.110 − 9.22 − 0.112 − 9.33 – – – – 

standard deviation of random parameter – – – – – – 0.048 5.71 – – – – 
Telecommuting − 0.019 − 13.71 − 0.034 − 42.11 – – – – – – – – 
Controls 
Race: Black 0.007 13.09 0.011 19.21 0.008 4.21 0.004 2.28 – – – – 
Race: White − 0.003 − 12.45 − 0.002 − 7.56 – – – – – – – – 
Gender: Female – – – – – – – – 0.0133 1.6 0.014 1.75 
High income (USD >100,000 per annum)* − 0.017 − 60.63 − 0.014 − 68.2 − 0.014 − 11.78 − 0.017 − 14.38 − 0.003 − 1.64 − 0.003 − 1.75 

standard deviation of random parameter – – – – – – – – – – 0.011 17.89 
Old age (65 years +)* – – – – 0.033 12.06 0.028 9.86 0.049 10.72 0.054 11.02 

standard deviation of random parameter – – – – – – – – – – – – 
Unemployed 0.015 6.47 0.065 29.89 – – – – – – – – 

Notes: (*) indicates random parameters; (—) indicates when a given variable is dropped from a model due to statistical insignificance, lack of improvement in 
goodness-of-fit, and/or to retain the most important variables in line with study objectives. 

Table 4 
Direct and Indirect Associations (in percentage) of Exogenous Variables with COVID-19 Positive Cases, Hospitalizations and Fatalities.  

Variables Direct Effect on 
COVID-19 Positive 
Cases 

Direct Effect on 
Hospitalizations 

Direct Effects on 
COVID-19 
Fatalities 

Indirect Effects on COVID-19 
Hospitalizations Through 
Positive Cases 

Indirect Effects on COVID-19 
Fatalities Through 
Hospitalizations 

μ μ μ μ μ 

Chaining Variable 
Positive cases – 0.195 – – 1.157 
Hospitalizations – – 5.928 – – 
Built Environment 
Street intersection density (weighted, 

auto-oriented intersections 
eliminated) (in 10s) 

− 1.586* − 1.039 – − 0.309* − 6.162 

Regional auto centrality index – 0.986 0.831 – 5.851 
Employment and household entropy – − 0.241* − 0.381* – − 1.428* 
Sedentary and Active Travel (workers’ transportation mode to work) (% of workers) 
Drive alone – – 0.606 – – 
Walking – − 1.562* – – − 9.259* 
Biking – − 10.611* – – − 62.902* 
Telecommuting − 3.369 – – − 0.657 – 
Controls –   – – 
Race: Black 1.166 0.431 – 0.227 2.554 
Race: White − 0.205 – – − 0.041 – 
Gender: Female – – 1.461 – – 
High income (USD >100,000 per 

annum) 
− 1.461 − 1.726 − 0.361* − 0.285 − 10.237 

Old age (65 years +) 1.741 2.897 5.603 0.339 17.174 
Unemployed 6.721 – – 1.311 – 

Notes: (—) indicates Not Applicable; (*) indicates heterogeneous direct and indirect effects; μ indicates direct and indirect effects (including “average” effects for 
random-held parameters). 
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environment features including employment and household entropy and 
auto centrality index as it related to COVID-19 positivity rate (results not 
shown). To have a more parsimonious model structure, these variables 
were not included in the final model for positivity rate. For insights 
regarding the role of built environment in COVID-19 spread, please see 
(Ma et al., 2021; Lak et al., 2021; Li et al., 2021b; Li et al., 2021a). 
Regarding travel behavior, active and sedentary travel outcomes (except 
telecommuting) were not included in the COVID-19 positivity rate 
model. This is because it is unclear how sedentary and active travel 
behaviors may correlate with COVID-19 infection rate. Contrarily, the 
pathways between sedentary/active travel and COVID-19 hospitaliza
tions and fatalities are conceptually clearer (and which are captured in 
this study). To this end, future research can further build upon the 
present results by conceptualizing and testing the relationships between 
active/sedentary travel and COVID-19 positivity rate. 

4.3. Direct and indirect effects – built environment, travel behavior, 
COVID-19 hospitalizations and fatalities 

Table 4 provides the direct and indirect effects of exogenous vari
ables on COVID-19 positive cases, hospitalizations, and fatalities. 
Related to the direct effect, a one percent increase in employment and 
household mix (more mixed land use) is correlated with a 0.241% and 
0.381% reduction in hospitalizations and fatalities, respectively. In 
addition, more mixed land use indirectly correlates with COVID-19 fa
talities through its relationship with hospitalizations rates. In particular, 
a one percent increase in employment and household mix is associated 
with a 1.428% reduction in COVID-19 fatalities per capita (Table 4). The 
relationships of employment and household mix with COVID-19 mor
tality is based on a random parameter model resulting in neighborhood- 
level parameter estimates. Fig. 4 shows the heterogeneity in the direct 
and indirect effects of household and employment mix where quantile 
based distributional splits of the relevant direct and indirect effects are 

Fig. 4. Heterogeneous Direct and Indirect Effects (in percentage) of Mixed-Use Developments (Household and Employment Mix) (Note: The mapping 
scheme is based on binning with cut-off points derived from the quantiles of the respective distribution of direct and indirect effects). 
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used. Such local inferential insights cannot be obtained from traditional 
fixed parameter Poisson models. Regarding auto-oriented development, 
a one percent increase in auto centrality index is associated with a 
0.986% increase in COVID-19 hospitalizations which in turn is corre
lated with around 5.928% increase in COVID-19 deaths per capita. Thus, 
the indirect effect of auto centrality index on COVID-19 fatalities is 
5.851% (0.986 × 5.928). The heterogeneous direct effects of active 
travel on hospitalizations per capita are shown in Fig. 5. Both walking 
and biking for commute also exhibited profound indirect effects on fa
talities through hospitalizations (Table 4). For instance, a one percent 
increase in walking for commute was indirectly associated with a 
9.259% reduction in COVID-19 fatalities per capita through its associ
ations with hospitalizations (Table 4). Regarding vulnerable pop
ulations, both Black and old age variables exhibit substantial indirect 
correlations with COVID-19 fatalities (see estimates in last column of 

Table 4 for these variables). The most important point of our fatality 
model through hospitalization is the finding that the indirect effects of 
exogenous variable on COVID-19 fatality/mortality are significantly 
more profound compared to the direct effects of exogenous factors on 
COVID-19 fatality. This highlights the significant role of hospitalizations 
in mediating the relationships between built environment, active/ 
sedentary travel, and COVID-19 mortality. Ignoring hospitalizations as a 
mediator masks these significant indirect effects of built environment 
and active/sedentary travel factors. 

5. Limitations & strengths 

Despite the higher-resolution spatial data and rigorous methodo
logical framework, the study is correlational in nature and causal in
sights cannot be made. This study is based on neighborhood-level data 

Fig. 5. Heterogeneous Direct Effects (in percentage) of Biking and Walking for Commute 
(Note: The mapping scheme is based on binning with cut-off points derived from the quantiles of the respective distribution of direct and indirect effects). 
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from King County, WA. Thus, caution must be exercised in generalizing 
the findings. However, the neighborhood-level built environment fea
tures harnessed in this study appear to be similar to what is found na
tionally. In terms of housing and household size, the owner-occupied 
housing rate and household occupancy (persons per household) is 
56.9% in King County versus 64% nationally and 2.45 in King County 
versus 2.62 nationally. The proportion of high school graduates (93.1%) 
in King County is a bit greater than the national average (88%). 
Regarding accessibility, the mean travel time to work is 29.6 min 
(compared to 26.9 min nationwide). Poverty in King County (7.7%) is 
lower than the national average (10.5%). These statistics may allow 
readers to infer broader similarity patterns between King County and 
counties in other states. The findings from this study highlight several 
promising avenues for future research. As discussed, chronic disease was 
not considered due to the unavailability of reliable neighborhood-level 
data. Due to data unavailability, the active/sedentary travel measures 
considered in this study only relate to work-commute and does not 
capture other forms of travel activity for leisure/non-utilitarian pur
poses. Thus, our findings capturing the impacts of active/sedentary 
travel are likely conservative. Likewise, the conceptual framework 
presented in this study could be further expanded by capturing the 
pathway between built environment and active/sedentary travel. In 
other words, active/sedentary travel can be considered as an up-stream 
mediator between built environment and COVID-19 outcomes. The 
study did not focus on examining the changes in COVID-19 outcomes 
over time. In line with the study objective, pre-pandemic travel patterns 
and built environment features are used to explain variations in COVID- 
19 outcomes. However, resident behaviors and travel patterns are 
significantly different before and during the pandemic. Likewise, pop
ulation dynamics in and out of neighborhoods may have changed during 
the pandemic. To this end, the study presents a static cross-sectional 
snapshot of the associations and insights about changes over time 
cannot be made. Future studies can further extend the framework pre
sented in this study by analyzing COVID-19 outcomes in a joint econo
metric framework to account for spatial heterogeneity and (spatial) 
correlations among the unobserved factors determining COVID-19 
positivity, hospitalization, and mortality rate (Wali et al., 2021; Barua 
et al., 2016; Buddhavarapu et al., 2016). Along this line, to capitalize on 
the potential efficiency gains from the joint econometric framework 
(especially in the presence of dynamic stochastic dependencies), more 
advanced copula-based methods could be explored (Bhat and Eluru, 
2009; Wali et al., 2018; Yasmin et al., 2014). The availability of more 
data at the neighborhood level in the future can enable development of 
joint heterogeneity-based models with sufficiently larger sample sizes so 
to efficiently estimate the significantly expanded set of estimable pa
rameters in more advanced joint models. 

This study makes several novel contributions. To our knowledge, it is 
the first study that jointly considers built environment, active travel, 
COVID-19 hospitalizations, and mortalities at the neighborhood level. 
As discussed, county-level analyses require aggregation of COVID-19 
outcomes and built environment measures across large geographies – 
which is problematic given the substantial within-county variations. 
Second, the results demonstrate that hospitalization rate is an important 
mediator and should be considered together with fatalities to paint a 
broader picture of the actual harm imposed by COVID-19. Previous 
studies have not examined/reported the significant neighborhood-level 
correlations between active/sedentary travel and COVID-19 hospitali
zations/mortalities reported in this study. Third, methodologically, the 
application of simulation-assisted discrete outcome random parameter 
approach is novel to modeling COVID-19 mortality and hospitalizations. 
The results highlight the importance of accounting for unobserved het
erogeneity in arriving at more accurate conclusions at a neighborhood- 
level. Thus, great caution must be exercised in arriving at conclusions 
derived from fixed parameter modeling methods especially where 
highly aggregate data is applied. The study provides a conceptual 
pathway from the built environment to examine systematic disparities 

across sociodemographic cohorts in the spatiotemporal distribution of 
COVID-19 hospitalization and mortality rates. 

6. Conclusions 

This study contributes by presenting a neighborhood-level concep
tual model linking built environment and active/sedentary travel mea
sures with COVID-19 positivity, hospitalization and mortality rates. 
Integrated census-tract level data on COVID-19 mortality, hospitaliza
tion, and positive cases, built environment, travel behavior, and socio
demographic factors were harnessed. Informed by rigorous simulation- 
assisted discrete outcome random parameter models, the results shed 
new lights on the direct and indirect connections between built envi
ronment, active/sedentary travel behavior, hospitalization, and mor
tality rates. The key conclusions are:  

1. Auto-oriented built environment design (greater auto accessibility) is 
positively correlated with COVID-19 fatality rate. Conversely, more 
mixed land use and greater pedestrian-oriented street connectivity is 
associated with lower fatality and/or hospitalization rates.  

2. Sedentary (auto) travel is associated with greater COVID-19 fatality 
rate. Conversely, active travel (biking and walking) is correlated 
with lower COVID-19 hospitalization/fatality rates. 

3. COVID-19 hospitalizations strongly mediate the relationships be
tween built environment, active travel, and COVID-19 fatality rate. 
Given the strong mediation role of hospitalizations, the indirect ef
fects of built environment and active travel on COVID-19 fatalities 
are relatively more profound.  

4. Black and elder populations are more vulnerable to develop serious 
illness (hospitalizations) and die from COVID-19. 

Methodologically, the associations explored in this study exhibited 
remarkable heterogeneity across neighborhoods. Accounting for unob
served heterogeneity not only led to remarkable improvement in pre
dictive fit but provided more accurate insights as well. Importantly, 
ignoring unobserved heterogeneity leads to incorrect conclusions – such 
as concluding that built environment is not related to COVID-19 hos
pitalization/fatality rates. The findings have important implications. 
Healthier (active) transportation infrastructure can be effective in 
combating the severity of COVID-19 and perhaps other highly conta
gious infectious diseases. Population-level health and well-being of 
residents can be improved by continuing to advocate for active-travel 
supportive transport infrastructure with more mixed land-use and 
greater pedestrian-oriented street connectivity. Independent of mixed 
land use, the negative associations between street connectivity and 
COVID-19 hospitalizations assert the independent role of pedestrian- 
oriented street design in promoting walkability and combating 
COVID-19. Likewise, the results suggest that developments with greater 
auto-oriented accessibility may be further discouraged. Neighborhoods 
with more mixed land-use, greater street connectivity, and lower auto- 
oriented accessibility promote active (walk, bike) and discourage 
sedentary travel. Related to population health, the importance of 
walkable built environment in combatting COVID-19 is further high
lighted by our findings related to active and sedentary travel behaviors – 
suggesting that greater participation in active travel and lower partici
pation in automobile travel significantly reduces COVID-19 hospitali
zation and/or mortality rates. In assessing the relationships between 
built environment and COVID-19 outcomes, broader built environment 
measures should be considered to paint a more accurate and informed 
picture of the underlying mechanisms and pathways connecting trans
portation infrastructure and built environment with infectious diseases. 
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