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The first year of COVID-19 tested the economic resilience of cities, calling into question the viability of density and the essential nature of certain types of services. This study examines built environment and socio-economic factors associated with the closure of customer-facing food businesses across urban areas of Seattle, Washington. The study covers 16 neighborhoods (44 census block groups), with two field audits of businesses included in cross-sectional studies conducted during the peak periods of the pandemic in 2020. Variables describing businesses and their built environments were selected and classified using regression tree methods, with relationships to business continuity estimated in a binomial regression model, using business type and neighborhood socio-demographic characteristics as controlled covariates. Results show that the economic impact of the pandemic was not evenly distributed across the built environment. Compared to grocery stores, the odds of a restaurant staying open during May and June were 24%, only improving 10% by the end of 2020. Density played a role in business closure, though this role differed over time. In May and June, food retail businesses were 82% less likely to remain open if located within a quarter-mile radius of the office-rich areas of the city, where pre-pandemic job density was greater than 95 per acre. In November and December, food retail businesses were 66% less likely to remain open if located in areas of residential density greater than 23.6 persons per acre. In contrast, median household income and percentage of non-Asian persons of color were positively and significantly associated with business continuity. Altogether, these findings provide more detailed and accurate profiles of food retail businesses and a more complete impression of the spatial heterogeneity of urban economic resilience during the pandemic, with implications for future urban planning and real estate development in the post-pandemic era.
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1 INTRODUCTION
In January 2020, the US began mobilizing to combat COVID-19 (Coronavirus Infectious Disease-2019), a disease caused by the SARS-CoV-2 virus (Severe Acute Respiratory Syndrome, Coronavirus, Version 2) (Covid Crisis Group, 2023). The first travel-related case of the disease in the US was confirmed by the US Centers for Disease Control and Prevention (CDC) on January 21, in the Seattle area of the state of Washington (CDC, 2020). Declared a global pandemic on March 11, COVID-19 was on track to become the deadliest pandemic the US had experienced in over 100 years (WHO, 2020). As travel bans failed to contain the outbreak, public health policies in the US aimed to suppress transmission of the virus, while increasing the capacity of the healthcare system for testing, quarantine, treatment, and the development and dissemination of vaccines.
The scale of disruption was unprecedented. The Dow Jones lost 37% of its value between February 12 and March 23, surpassing the 1929 losses of the Great Depression (Frazier, 2021). By April, stay-at-home orders had been issued in 49 US states (Covid Crisis Group, 2023, chap. 6). From March to September, more than 60 million claims for unemployment insurance were filed (Cutler and Summers, 2020). Economic projections, assuming the disease would be contained by fall of 2021, forecasted losses to GDP of $7.6 trillion, with another $8.6 trillion in losses of productivity ascribed to a forecast of 625,000 deaths and a reduced quality of life for millions more. The first deadly wave of disease in the US peaked in April 2020, but as restrictions were relaxed and communities opened up, a second wave rose further than the first, and peaked in the early days of January 2021 (IHME, 2023). As the crisis wore on, many state policies became more focused, targeting high-contact businesses, imposing occupancy restrictions, and limiting large gatherings (Covid Crisis Group, 2023).
Though COVID-19 no longer bears the status of a public health emergency in the US, the scale of the pandemic and the nature of its differential impact deserve scrutiny as public health problems we are likely to revisit in the future, and as economic problems derived in part from our built environments. The scale of the crisis was greater than most projections. By the time the declaration of emergency was lifted in the US, deaths surpassed 1.1 million and hospitalizations approached 6.2 million (US Department of Health and Human Services, 2023). The federal government deployed over $5 trillion to combat the pandemic and offer relief—an amount greater than the entire 2019 federal budget (Covid Crisis Group, 2023). Early macroscale models framed economic impacts in relation to the health benefits of physical distancing, targeted lockdowns, and stay-at-home orders (Acemoglu et al., 2020; Alvarez et al., 2020; Kruse and Strack, 2020; Newbold et al., 2020; Thunström et al., 2020; Toxvaerd, 2020; Eichenbaum et al., 2021; Farboodi et al., 2021). Microscale economic consequences are not as well understood; businesses experienced wide variations in economic impact from the pandemic (Goolsbee and Syverson, 2021; Klein and Smith, 2021; Monte, 2021; Autor et al., 2022). Cities were struck by the hollowing out of office-rich downtown cores and urban flight—shifts in the populations of office workers and residents that comprise the customer base of metropolitan central business districts (Liu and Su, 2021; Ramani and Bloom, 2021; Rosenthal et al., 2022; Hutson and Orlando, 2023). Suddenly, the characteristics of the built environment, immutable due to their inordinate agglomerated expenses and relied upon for economic performance, such as building design and urban density, were up for reconsideration by policymakers, academics, business owners, and consumers alike.
Some of the most visible effects of the pandemic were witnessed in the food retail industry, as businesses struggled, regrouped, and adapted with makeshift efforts to repurpose the built environment (Proksch et al., 2021). The size and types of food retail in a city’s neighborhoods are a key indicator of economic vitality and resiliency (Carré and Tilly, 2008; Sutton, 2010; Mehta, 2011), yet recognized as being particularly vulnerable to crisis (Bartik et al., 2020; Fairlie and Fossen, 2022). As the outbreak ensued, people began to avoid large gatherings and crowds, and to favor business types labeled “essential” (Goolsbee and Syverson, 2021). Supply chain studies describe widespread shifts in demand for retail goods and services that emerged due to the spread of the virus, changing consumer behavior and preferences, new stay-at-home and work-from-home policies, as well as disruptions to supply (Pujawan and Bah, 2021; Swanson and Santamaria, 2021; Thilmany et al., 2021; Moosavi et al., 2022). Prior to COVID-19, retail businesses and markets favored urban density, but customer preferences changed rapidly during the shock of lockdown; customer traffic relocated with the work-from-home movement, and retail managers began to re-evaluate their asset management strategies (Balemi et al., 2021; Nanda et al., 2021; Gupta et al., 2022). Many studies regarding the built environment have focused on analyzing the role of density in the spread of COVID-19, but the impact of density is not straightforward (Alidadi and Sharifi, 2022). The food retail industry, with its sensitivity to shifts in demand, its variegated pandemic policy environment, and its many business types, building forms, and neighborhood settings, could offer insights into the complex relationship between urban density and the economic impact of the pandemic.
This paper examines the effects of makeshift adaptations, the staid characteristics of business and building type, and the larger scale characteristics of urban density and socio-demographic environments within and between neighborhoods, on food retail business continuity as the first two waves of the pandemic crossed the city of Seattle, Washington (Proksch et al., 2021). The built environment is an important, ever-evolving determinant of health and wellbeing (Acuto, 2020; Rice, 2020) deserving research to improve economic resilience in harmony with pandemic health policy (Honey-Roses et al., 2020; Megahed and Ghoneim, 2020; Asif et al., 2022). The operational and built environment changes to food retail establishments in the wake of the outbreak were natural experiments, observable on the streets of cities. Investigation of these changes and their effects can provide insight into the multiscale characteristics of the built environment that support the economic resilience of neighborhoods.
2 LITERATURE REVIEW
2.1 Food retail resilience during COVID-19
As the onset of COVID-19 became apparent in the US, food retail businesses were quickly categorized in government policies as essential, to maintain access to grocery stores and prepared foods through take-out and delivery services while suppressing transmission of the virus by limiting access to in-person activities (Goolsbee and Syverson, 2021). Whether due to fear or policy, people reacted by adjusting their social and transportation activities (e.g., Gao et al., 2021), showing a preference for essential food businesses such as grocery stores over restaurants, taverns, and pubs (Goolsbee and Syverson, 2021).
The US food retail industry suffered significant losses in business continuity. After healthcare, food services were poised to be the sector most threatened by the pandemic (Dua et al., 2020). In an early nationwide survey of small businesses, Bartik et al. (2020) found 45% of the sample either temporarily or permanently closed on 1 April 2020. Balla-Elliott et al. (2020, p. 17) found 34% of small businesses surveyed to be either temporarily or permanently closed, with another 34% operating at less than full capacity (i.e., “partially open”). Two-thirds of closed businesses involved workers operating in close proximity to one another, as found in food retail businesses such as restaurants and cafes. A study of US points of interest found food services, retail and trade to be significantly more likely to be closed than recreational and entertainment businesses (Zhai and Yue, 2022). Rates of closure for food establishments in New York City’s Chinatown were high enough to prompt researchers to shift their focus to questions of food security (Russo et al., 2022).
Researchers suggest that customers were making safety their first priority (Gursoy and Chi, 2020; Yost and Cheng, 2021). Surveys of customer concerns in the US ranked sit-down restaurants the most concerning type of retail business for COVID-19 transmission (McFadden et al., 2021). People’s impressions in the US of the safety of food establishments have been described as differing in relation to media reports, concern about the crowdedness of establishments, and according to their own risk factors for COVID (Byrd et al., 2021; Wang et al., 2021). It should be noted that research intended to explain perceptions of risk can be quite complex, and institutional environments may differ in ways that strain comparison within and between markets (e.g., Siegrist et al., 2021; Yuan et al., 2021). Public impressions are likely to differ, for example, in relation to the effectiveness of educational campaigns about public health requirements and strategies (Khorram-Manesh et al., 2021).
Influenced at least in part by regulatory requirements, public preferences in the US have been shown to contribute to a shift in foot traffic from in-person dining to grocery stores (Goolsbee and Syverson, 2021). Data from the US Department of Agriculture’s Economic Research Service showed inflation-adjusted expenditures at grocery stores, supercenters, convenience stores, and other retailers (food at home) up 19% in March 2020 compared to the same period in 2019, and food expenditures from restaurants and other eating-out places down by 29% during the same period (Dong and Zeballos, 2021). During the second quarter of 2020, the decline in expenditures at restaurants and similar establishments continued, at 38% below expenditures in 2019. In other words, the impacts of COVID-19 were not equally distributed across the types of businesses comprising the food retail industry, nor would they likely be equally distributed within a given urban area.
Studies on disruptions to supply chains often include examination of impacts to retail demand and can add depth to interpretations of the impact of the pandemic on business continuity (Pujawan and Bah, 2021; Swanson and Santamaria, 2021; Moosavi et al., 2022). Moosavi and colleagues (2022), in a literature review, bibliometric analysis, and citation analysis on supply chain management and COVID-19, found “food security” and “food supply chain” to be the fourth and fifth top keywords in search results. The most highly cited of the articles, by Ivanov (2020) and Ivanov and Das (2020), featured a simulation of the ripple effects of COVID-19 in supply chains, including the simultaneous impacts of attenuated demand from customers and impacts to supplies due to lockdowns and barriers to logistics. Notably, supply chain studies have forecasted and drawn attention to spikes in demand such as panic buying (Yuan et al., 2021), and spikes in demand for healthcare services (Govindan et al., 2020) as well as declines, disruptions, and plunges in demand in other sectors, including food services (Akseer et al., 2020). The bibliometric literature review from Swanson and Santamaria (2021) on the topics of “pandemic” and “supply chain” reaches back to 1997, pulling together analyses of influenza as well as COVID. Authors emphasize the fundamental differences between the disruptions posed by pandemics in comparison to other types of events and suggest how limited current knowledge is of these “black swan” events, while offering advice on further research and modeling. Recommendations from these studies to improve resilience include flexibility and redundancy (Moosavi et al., 2022), and elevating the importance of safety, digitalization, and supply-base localization (Pujawan and Bah, 2021). Many of the same themes exist in empirical studies focused on food retail performance in the US.
Though many establishments closed, many also responded in a variety of ways to the restrictions and to the concerns of customers, which persisted even as restrictions were lifted (Goolsbee and Syverson, 2021). Grocery stores marked sidewalks, controlled occupancy to store interiors, made disinfectant available, and invested in contactless point-of-sale equipment; some also reconfigured uses of space to promote drop off and pick up service (Proksch et al., 2021). Restaurateurs and cafe managers adopted highly visible, customer-facing hygiene and health protection measures, changed operating hours and employee roles and responsibilities, offered new or limited menu items, and expanded communications with their customers through signage and online sites (Norris et al., 2021; Proksch et al., 2021; Russo et al., 2022; Yenerall et al., 2022; Bonfanti et al., 2023; Mandhan and Gregg, 2023). Within their existing building spaces and public rights-of-way, some businesses expanded or re-configured their use of space for indoor storage, exterior-facing contactless payment and take out, drive-thru services, and outdoor dining experiences (Proksch et al., 2021; Mandhan and Gregg, 2023). These makeshift adaptations to the built environment were accompanied by online and financial efforts. Digitalization expanded and took many forms, such as web sites, online ordering, options for customer pick up, store-run delivery services, and third-party apps for ordering and/or delivery (Brewer and Sebby, 2021; Norris et al., 2021; Proksch et al., 2021). Many also sought financial support, through the Paycheck Protection Program and a variety of other instruments, such as the COVID-19 Economic Injury Disaster Loan Program (Autor et al., 2022; Barraza et al., 2020; U.S. Small Business Administration, 2023).
2.2 Questioning the role of density in COVID-19
There have been many studies suggesting a positive relationship between population density and the incidence of COVID (Ganasegeran et al., 2021; Ilardi et al., 2021; Lee et al., 2021; Qeadan et al., 2021; Sarmadi et al., 2021; Tchicaya et al., 2021; Wong and Li, 2020; Jamal et al., 2022), and many studies showing a negative or insignificant correlation (Hamidi et al., 2020; Klompmaker et al., 2021; Perone, 2021; Basellini and Camarda, 2022). These differences in findings exist on a variety of scales, from the state (Ganasegeran et al., 2021; Ilardi et al., 2021; Perone, 2021; Sarmadi et al., 2021; Tchicaya et al., 2021; Basellini and Camarda, 2022), to county (Hamidi et al., 2020; Wong and Li, 2020; Klompmaker et al., 2021; Lee et al., 2021, p. 202; Qeadan et al., 2021; Jamal et al., 2022), to more local levels (Tribby and Hartmann, 2021; Almagro and Orane-Hutchinson, 2022; Laefer and Protopapas, 2022; Sun et al., 2022). Findings suggest the effects of density have differed over time as well (Lee et al., 2021; Carozzi et al., 2022; Wu et al., 2022; Tsou et al., 2023). Some differences in outcomes may be traced to differences in research methods, such as cluster analysis (Fan et al., 2022; Wu et al., 2022), the application of indexes built from multiple variables (Rahman et al., 2023), and the use of advanced statistical methods to control for endogeneity of density measures (Carozzi et al., 2022; Hong and Chakrabarti, 2022). Other differences may result from different control variables used in models (Teller, 2021; Zhang et al., 2022), and different cultural, policy and institutional contexts (Hasnat, 2022). That said, socio-economic factors (e.g., income, ratio of minority group) are commonly considered across many studies, with benefits for their findings and interpretation (Benita et al., 2022; Carella et al., 2022; Choi and Denice, 2022; Huang et al., 2020; Kang et al., 2020; Loomba et al., 2021; Paul et al., 2021; Rahman et al., 2023; Schmiege et al., 2023; Tang et al., 2021; Tsou et al., 2023; Verma et al., 2021; Wang et al., 2021).
Population is not the only meaningful measure of density for understanding the impact of COVID-19. Studies that use less common sources of data, such as mobility traces (Liu et al., 2021) or records of COVID transmission at scales smaller than the county, provide the basis for more promising hypotheses about the role of density in COVID transmission. These studies suggest that connectivity (Jo et al., 2021; Almagro and Orane-Hutchinson, 2022; Carozzi et al., 2022), customer density (Laefer and Protopapas, 2022), crowding (Lee et al., 2021; Almagro and Orane-Hutchinson, 2022; Schmiege et al., 2023) or contact density (Verma et al., 2021) might be more meaningful indicators.
The most common question asked in these studies is one that can be reasonably inferred from the airborne transmission of the virus, which is the effect of population density, alone or in connection with socio-spatial connectivity and socio-demographics, on rates of transmission, incidence of disease, and mortality (Dietz et al., 2020; Liu et al., 2021). This same question drives urban planners, architects, and engineers to draw normative conclusions for improving urban design, by integrating the aims of design with health (Megahed and Ghoneim, 2020). While COVID transmission is important to understand and predict for its spatial distribution, research on COVID transmission should not be equated to research on business continuity. Fewer studies attempt to distinguish between density, the incidence of COVID-19, and business continuity, though all three factors may be related.
To understand the relationship between business continuity and the built environment during COVID-19, reviews of the literature should take a broader perspective, reaching business, economic, and real estate literature (Table 1). Balla-Elliott et al. (2020), for example, finds that small businesses took cues from the restrictions put in place by government when contemplating the prospects for reopening business, while restrictions, in turn, correlated with the prevalence of COVID-19 in the population, as well as density at the county level. In a study specific to restaurant closures in major US cities, Sedov (2022) found a positive relationship between closure and the density of establishments within a 500-m radius, as well as proximity to the city center. However, the study relied on “Yelp” records for indications of business closure. Wang et al. (2022b), in an intriguing study of data regarding visits to the 100 largest restaurant chains in the US from July 2020 to May 2021, found a 1% increase in COVID cases associated with a 2.5% decrease in restaurant visits in the period prior to the availability of vaccines. Stepping outside of the US, it is important to note the paper by Jun et al. (2022), examining effects at the neighborhood level on business closure across the city of Seoul, Korea, including the number of businesses, employment density, population density, and other demographic and economic variables, such as income. Business survival was negatively associated with the number of businesses and employment density. Furthermore, the study clustered businesses according to their amenities, finding that though the replication of amenities across stores in proximity to one another was a common strategy prior to the pandemic, this feature worked against stores during the pandemic.
TABLE 1 | Density and COVID risk: summary of literature.
[image: Table 1]Studies focused on business closure and business characteristics run the risk of missing the effect of greater movements of the population defined or indicated by shifts in markets for housing, office, and retail real estate. Note, in this context, Ramani and Bloom’s (2021) description of the hollowing-out of the population from the downtown core, either to work-from-home in residential suburbs or to take flight to more distanced residence. The advent of work-from-home policies and urban flight—in addition to previously mentioned public concerns, policies, and shifting preferences—change the foundations for understanding the effects of the pandemic on urban markets for retail, including the survival and closure of food retail stores and services. COVID-19, for example, did lead to a strong shift in housing demand in the US, especially within densely populated neighborhoods and central cities (Liu and Su, 2021). Research suggests that work-from-home policies opened the possibility for people to relocate outside of densely populated areas; a possibility incentivized by the relatively high cost of housing in dense urban areas in addition to concern for exposure to COVID. Relatedly, an examination of the changing value of commercial rent across 89 US urban areas found steeper declines, compared to pre-COVID times, in the value of commercial real estate in metropolitan city centers that are characterized by enough density to support vibrant transit systems, such as subways, commuter rail, and bus rapid transit (Rosenthal et al., 2022).
2.3 Research question and contribution
The purpose of this research is to help distinguish the role of the built environment in mediating pandemic disturbance to business continuity. As a disruption in otherwise slowly shifting urban economic environments, the pandemic occurred in waves, coupled with public health policies designed to suppress transmission of the virus, prior to the dissemination of vaccines. Policies were intended to be applied uniformly across urban settings, yet disruptions to business continuity (i.e., risk to economic resilience) were not uniformly distributed. What explains spatial variation in business continuity? This study is designed to improve understanding of the role of the built environment in the spatial heterogeneity of business continuity during the first year of the pandemic, using the food retail sector as a proxy for the urban economy.
The target construct for this study views COVID-19 and subsequent policies and behaviors as one bundled source of disruption in an otherwise functioning urban economy. The built environment mediates such disruptions and contributes to the spatial heterogeneity of food retail business continuity in several plausible ways. The built environment is implicated at the scale of the business location because policies and behavioral preferences differed in terms of type of business operations and in terms of the uses of indoor and outdoor space (e.g., Gursoy and Chi, 2020; Goolsbee and Syverson, 2021; Yost and Cheng, 2021). Built environments, at a more aggregate scale, differed for urban density and demographic compositions of the customer base of businesses, and for qualities that manifested through the adoption of stay-at-home and work-from-home policies, and behaviors such as urban flight (e.g., Swanson and Santamaria, 2021; Thilmany et al., 2021). The aim of this research is to untangle conflicting explanations of the relationship between density and business continuity in the literature, and to understand the effects of actions the businesses took themselves to maintain continuity, which include makeshift changes to the operation and the site of businesses.
Besides the direct mediating effects of built environments, spatially heterogeneous disruptions can also be observed due to associations between built environments and other mediators, with financial relief (loans, grants, rent relief) and the digitalization of services (websites for ordering, payment, pickup and delivery services) being the most commonly discussed (Barraza et al., 2020; Brewer and Sebby, 2021; Norris et al., 2021; Autor et al., 2022). Though these policies and approaches were designed to be applied uniformly across urban settings, they could have had heterogeneous spatial effects as they were adopted by different businesses and in different neighborhoods. Due to the difficulty of collecting business-level financial relief and digitalization information at the city scale, this study design does not allow us to distinguish the direct effect of built environments and the indirect effect through associations with these other mediators. However, this study discerns the latent vulnerabilities—either vulnerability as a lack of resilience to disruptions or vulnerability as ineffectiveness in adopting countermeasures—in urban built environments, and the capacity to adapt at the pace of widescale waves of disruption. Follow-on research could, for example, combine the independent variables in this study with evidence of financial relief and digitalization, apply the same independent variables in an examination of business continuity in urban areas that were subject to different sets of public health policies than Seattle, or seek to generalize results in suburban and rural settings.
As an evaluation of a natural experiment, this research is designed to identify associations between selected independent variables and the dependent variable of open or closed status of food retail businesses. The unit of analysis is the business (per location, not per organization), inclusive of its surrounding environment. It is a repeated cross-sectional study of the full population of food retail businesses (n = 921) in a purposive sample of 16 neighborhoods (44 census block groups) across the metropolitan city of Seattle. As a matter of interest to policymakers, this research design is selected to provide for external as much as internal validity (e.g., minimizing individual unit and contextual selection bias). The sampling of neighborhoods (i.e., collections of census block groups) is designed to encompass the business districts of neighborhoods (containing the full complement of food retail business types and building types within neighborhoods), to maintain representativeness with the city at large for controlled covariates (e.g., socio-demographics and economics), to maximize the variance of independent variables (e.g., population density, employment density, land use mix), and to rule out alternative plausible explanations of business closure at the scale of the census block group and/or neighborhood (e.g., protests, educational pivots to remote learning). The data representing many variables pre-dates the pandemic, giving research design the characteristics of a pre- and post-test, with post-tests carried out during each of the first two waves of pandemic (prior to the dissemination of vaccines).
As illustrated in Figure 1, this study examines factors hypothesized at the business and neighborhood level to influence pandemic food retail business continuity, applying new data and methodologies to examine effects that remain either mixed or unclear in the literature. This study contributes to current literature in several ways. First, as desirable as field research might have been, we are unaware of any other studies that were able to provide in-person documentation of ground-level details of built environment changes during the first wave of COVID-19 (Megahed and Ghoneim, 2020; e.g.; Russo et al., 2022; Liu et al., 2021). Thus, this study adds to the existing body of literature by generating more detailed and accurate profiles of food retail businesses in situ and in relation to business continuity during this critical time period (Proksch et al., 2021). Secondly, this study compares different types of urban density measures, quantifying thresholds of urban population and employment density, plus land use mix in relation to business continuity. By examining density measures besides population density in a repeated post-test, the study helps provide clarity to conflicting interpretations of the role of urban density found in the literature.
[image: Figure 1]FIGURE 1 | Conceptual framework. The business level linkages describe makeshift business-side changes and factors such as business type and building type. The neighborhood level linkages describe consumer-side changes in the built environment, and with factors that include population density, employment density, and land use mixture, as well as neighborhood demographics. The highlighted boxes are the main interests of this study.
This study also implements a novel methodological approach that combines the advantage of variable selection and cluster detection of a classification and regression tree analysis with the convenience of interpretation of a regression model. This is a useful methodology for studies that attempt to model correlated urban design and built environment factors. The methodology, combined with domain knowledge, is intended to provide a causal discovery approach to model nonrandomly implemented urban design and built environment interventions collected from observational data (Leist et al., 2022). However, it is essential to acknowledge that the set of variables used in this study is not exhaustive, leaving room for potential confounding effects. As a result, while our results demonstrate statistical associations, we cannot definitively confirm causation due to the inherent limitations of observational data.
3 DATA AND METHODOLOGY
3.1 Study setting
The city of Seattle is the center of a metropolitan area within the Puget Sound region of the state of Washington. The city contains the largest urban population in the state and is home to several noteworthy companies in information technology, biotechnology, and health sciences. The greater Seattle area of King County has been the subject of several studies of the effects of COVID-19 (e.g., Liu et al., 2021). Its well-coordinated corporate and civic culture and high proportion of the workforce in technology are credited with the city having 50% of the population work from home during the pandemic (Balk, 2022). The first case of a US patient testing positive for the SARS-CoV-2 virus occurred on 21 January 2020, in a suburb of Seattle, Washington (Gallagher, 2020). The following section describes the policy environment that took shape as the pandemic arrived and this study began.
On 29 February 2020, Governor Inslee issued a State of Emergency for Washington State and King County, where Seattle is located (Washington Governor, 2020a). Public activities were gradually curtailed until March 15, when King County ordered all gatherings of 50 or more persons to cease and, particular to the food retail industry, declared (King County, 2020a).
• Restaurants, bars, dance halls, clubs, theaters, health and fitness clubs, and other similar indoor social or recreational venues must cease operations until 31 March 2020
• Restaurants and food service establishments may remain open only for drive-through, delivery, and pick-up only, until 31 March 2020
• All other retail such as groceries, pharmacies, banks, gas stations, hardware stores, shopping centers, etc. may remain open provided they meet Public Health directives in the previous Local Health Order
On March 23, Governor Inslee announced the “Stay Home, Stay Healthy” order (Washington Governor, 2020b), requiring Washingtonians to stay home except for essential activities, asking people to stay at least six feet from one another when outside, and closing all businesses except those deemed essential, such as grocery stores. This was followed by a series of proclamations defining a phased, scientific approach to reopening (Washington Governor, 2020c). As of June 1, measures such as trends in hospitalization were to inform decisions for each County to move through phases of a reopening plan. Physical distancing and the use of personal protective equipment were to be maintained (among other requirements), while occupancy rates could be gradually increased in each phase of reopening. On June 3, with known infection rates in decline, King County, including Seattle, placed an application for a “modified” phase 1 opening which, as approved on June 5, allowed retail stores to open at 30% or less of maximum occupancy and for restaurants and bars to open for 25% of indoor and 50% of outdoor occupancy (King County, 2020b; King County, 2020c). By June 19, King County advanced to phase 2 of the State’s reopening plan, allowing 50% indoor occupancy of restaurants, bars, and similar establishments (King County, 2020d).
Witnessing a resurgence of the virus, on 16 Nov 2020, Governor Inslee once again ordered all restaurants, cafes, and such to eliminate in-person dining, resorting to take out and delivery services for a period of 4 weeks (Washington Governor, 2020d). After a surge of cases over the holiday season, Governor Inslee announced a new “Healthy Washington” plan on January 5th, to bring the state toward reopening in 2021 (Washington Governor, 2021).
3.2 Data collection
From May to June 2020, the research team conducted a three-part protocol to collect and validate data on the population of food retail establishments in a selection of 44 census block groups, comprising 16 neighborhoods, geographically distributed throughout the city of Seattle (Figure 2) (Proksch et al., 2021). The neighborhoods were purposely selected to cover Seattle’s Urban Centers and Hub Urban Villages, identified in the comprehensive plan as centers driving local and regional growth. The sampled neighborhoods were demographically similar to the average characteristics of the city, while also indicative of the variety of socio-economic and demographic characteristics of its neighborhoods. Parts of downtown Seattle and the Capitol Hill neighborhood (northeast to downtown Seattle) were excluded to avoid the introduction of confounding variables caused by protests and riots during that time. The area in the vicinity of the University of Washington campus was also excluded from the sample, as the shift to remote instruction and physical absence of the student body created its own significant impacts to food retail establishments.
[image: Figure 2]FIGURE 2 | Operation Status of Food Retail Businesses in the Sampled Neighborhood Areas in Seattle, Washington. The neighborhoods were selected to cover the majority of Urban Centers and Hub Urban Villages identified in Seattle’s comprehensive plan as key urban growth centers. Field observations, followed by phone calls, identified and confirmed the operation status of food retail establishments (n = 921) across 16 neighborhoods (44 census block groups) over two peak pre-vaccination time periods of COVID-19.
Data collection began with King County food permit data from 2018, joined in May 2020, with Google Knowledge Panel data to append to and update the listing of businesses, along with census data and zoning information. Then, from May to mid-June of 2020, the team conducted field surveys administered with a Google Form and a guide for photographic documentation to provide in-person validation of the number, identification, location, visible indoor and outdoor built features and makeshift changes, and status of the businesses in the selected block groups. To alleviate any doubt about open or closed status, phone calls were made to all businesses. There were 921 food retail businesses found in the sample of neighborhoods. This is the total population of the 44 census block groups selected for study, which amounts to 17% of all food retail businesses in the city of Seattle. The research team conducted a follow-up field and phone survey to obtain updated information on business operations and closure between November and December 2020. To maintain the consistency of field observation in the two time periods, the team maintained the Google form to guide the collection of information and were instructed to follow the same protocol to provide uniform photo and phone documentation of each visited business.
The research team also conducted structured interviews with a limited set of food businesses about their financial situation and digitalization activities from November to December 2020, as a supplement to the field surveys. In total there were 82 food businesses interviewed, distributed among 27 census block groups. The interview asked about business ownership, rent relief, and financial relief, and changes in comparison to 2019 in hours of operation, usage of online delivery, percentage of pick-up orders, levels of employment, labor costs, food costs and revenues.
3.3 Data processing
The outcome variable of interest is open or closed status per business in each time period of study (May through June and November through December 2020). Open or closed status has been used as an indicator of economic resilience in recent literature (Jun et al., 2022; Karniouchina et al., 2022; Li et al., 2022). Neighborhood characteristics were first obtained at either census block group level or parcel level and grouped into two domains: density measures and socio-demographic characteristics.
We used three density measures: population density, employment density, and land use mix entropy. Both population density (Alidadi and Sharifi, 2022; Carozzi et al., 2022; Schmiege et al., 2023; Diao et al., 2021; Ganasegeran et al., 2021; Hong and Chakrabarti, 2022; Huang et al., 2020; Kadi and Khelfaoui, 2020; Lee et al., 2021; Lima et al., 2021; Paul et al., 2021; Rahman et al., 2023; Sun et al., 2020; Tsou et al., 2023) and employment density (Allan et al., 2021; Jo et al., 2021; Liu and Su, 2021; Rosenthal et al., 2022; Rahman et al., 2023) are popular measurements of urban density in recent COVID-19 related articles. Hamidi et al. (2020) proposed the use of activity density (population and employment per square mile); we contend that separating employment from population density helps to disentangle the impact of work-from-home orders from population migration during COVID. We also controlled for the land use mix entropy, which is a traditional measure of urban form from the economic agglomeration literature (Cervero and Kockelman, 1997; Cervero and Duncan, 2003), and has been used in other similar studies as well (Haddad et al., 2023; Nguyen et al., 2020; Wu et al., 2022).
For each neighborhood-level variable, an average value was calculated for each business with all census blocks or parcels that overlap within a one-quarter-mile radius buffer surrounding the business. The choice of one-quarter-mile radius is based on the established walkability literature (Ewing et al., 2011; Pivo and Fisher, 2011; Ameli et al., 2015; Ewing et al., 2016; Park et al., 2019). Additional business characteristics obtained from the field survey were grouped into two domains: general business characteristics (including immutable built environment conditions, such as available parking onsite and offsite) and indoor and outdoor makeshift changes. The idea that the built environment contains makeshift or temporary characteristics pre-dates the pandemic, whether as rhetorical flourish in the examination of the history of cities (Rybczynski, 2010) or as empirical classification separating pop-up from more permanent retail establishments (Hietanen et al., 2016). Pandemic research (e.g., Ali et al., 2021) and casual observation of new options for outdoor dining (e.g., Gold, 2020) also use the term. In Makeshift Metropolis: Ideas About Cities, Rybcynski (2010), 12), defines the “makeshift metropolis” as an “unplanned, almost anarchical area for individual enterprise.” The “makeshift” changes in the built environment observed during the early phase of the pandemic can be seen as anarchical advances of individual businesses to improve the potential for business success in an urban environment in transition. All variables, also described in Supplementary Table S1, were processed using QGIS 3.16.16 and R 4.2.3.
3.4 Methodology
The modeling flow is illustrated in Figure 3. The study uses classification and regression tree (CART) analysis to first select and identify possible combinations and thresholds that are most important to business continuity. We then combine the outputs with a negative binomial regression model to estimate their effect sizes. The CART analysis is a tree-based recursive binary splitting algorithm that selects, at each step, the variable and cutoff threshold with the strongest association with the outcome (i.e., business open or closed status) and performs a binary split of the data according to that variable (Hothorn et al., 2006). Further partitioning occurs on top of prior partitions, maximally sorting observations into groups or combinations based on the cutoff value at each splitting variable. Its main advantage over regression models is that CART models allow the existence of correlations among variables without biasing model performance. It has been used in prior studies with similar urban contexts to address correlated design and locational predictors, such as bus stop amenity changes affecting ridership (Shi et al., 2021), and store locations influencing customer shopping choices (Hounwanou et al., 2018).
[image: Figure 3]FIGURE 3 | Modeling Flow Diagram. Classification and regression tree analysis (CART) was applied to identify combinations and thresholds of variables statistically significant to the business continuity of food retail establishments within and across 16 neighborhoods over two time periods. CART results were used as predictors in negative binomial regression analysis to estimate the size of the effect or association of the variables on operation status.
Makeshift changes were implemented during and in response to the pandemic and related policy. As suggested in literature (e.g., Saelens and Handy, 2008), business-level changes are not selected at random but in combination, with several types of strategies implemented in accordance to the physical constraints of a business’s building type (e.g., storefront, individual building, food court). Similarly, urban density measures are spatially clustered and can have a nonlinear relationship with retail performance. Therefore, CART analysis was used in our study to identify the combinations of makeshift changes and building types and thresholds of urban densities most relevant to business continuity.
We produced two sets of CART models. The first set identified combinations of the most important makeshift changes (i.e., distance marks and customer counters) and associated building types (i.e., walkable storefront and food court) for businesses. The second set of models selected the most important density measures and formed threshold measures of density relevant to business continuity at the neighborhood level. Business open or closed status in each period of survey (May to June and November to December 2020) were used as the outcome variables in the CART analysis.
In applying CART analysis to the two time periods, the analysis identifies the most statistically significant factors in each period and shows how these factors change between the two periods of study (May to June and November to December 2020). This is particularly useful to understand how estimations of the effect of urban density are influenced by the type of measurement and the timing of the study period. It may also be potentially illuminating for unresolved questions in the literature about the role of density in the economic impacts of COVID-19.
As CART analysis does not provide direct estimations of the size of the effects of generated classifications, negative binomial regression models were developed following CART analysis. The makeshift combinations and urban density thresholds from the CART models were introduced as predictors in the negative binomial regression models, with business open or closed status from May to June and November to December 2020, as the dependent variables. Additional controlled covariates included business primary type, neighborhood median household income, and percentage of non-Asian people of color. The choice of negative binomial regression models was based on the presence of over-dispersion in the outcome variables.
4 RESULTS AND FINDINGS
4.1 Summary statistics
Table 2 provides summary statistics. The field survey during May and June 2020, found 25% of food retail businesses closed. The repeated survey in November and December found a slight recovery, with about 14% of businesses closed. Figure 2 shows the spatial distribution of business operation status in the two periods. The majority of businesses in the sampled neighborhood census block groups were restaurants, though all forms of customer-facing food businesses were included in the sample, including grocery stores, convenience stores, supermarkets, quick service and/or fast-food stores, cafes, bakeries, coffee shops, taverns and pubs. Note that business types aggregate small groceries and convenience stores with supermarkets to form a food retail category. Similarly, coffee shops are merged with bakeries, pubs, and taverns, and other miscellaneous, yet customer-facing, food service establishments.
TABLE 2 | Summary statistics: open/close, neighborhood characteristics, business general characteristics.
[image: Table 2]Businesses were situated in a wide variety of urban and architectural settings. A majority of businesses in the sample were situated along walkable storefronts. Only about 3% of the surveyed food businesses were located in a food court, as would be found inside of an indoor shopping mall or office complex. Many were housed in individual buildings (e.g., standalone buildings, drive-through facilities, and former single family residential facilities). Based on our field survey, 20% of businesses had onsite parking, though most businesses were located within 100 feet of curbside parking.
Employment density averaged 68 jobs per acre. The average residential population density was slightly fewer than 16 persons per acre, which is to be expected in a city with nearly half of the land area zoned for single family residential use. Other characteristics obtained from the American Community Survey included household income, racial composition, and age range. Mean aggregate household income within walking distance of the sampled retail businesses (about a quarter-mile) was USD 83.5 thousand. The median age of persons living within walking distance of the businesses was within the 18–44 age cohort.
Table 3 summarizes the makeshift changes found in use by food retail businesses. These are changes made to both outdoor and indoor areas of establishments, documented by type of business in May and early June 2020. Signage, posted on the store window, wall, or sidewalk, is the most common outdoor change adopted, possibly due to its low cost of implementation and to its obvious use to signal that the site is open for business. Other changes were observed with much less frequency. These include customer counters or outdoor pickup tables, to provide distance between customers and employees and facilitate customer pick-up of prepared food, often changing the point of sale. They also include indicators for customers to use to reinforce social distancing, and materials such as hand sanitizer. Note differences in the frequency of strategies observed between business types. Compared with other business types, restaurants have a higher percent adoption rate of signage and a lower percent adoption rate of customer counters.
TABLE 3 | Summary statistics: makeshift changes by primary business type (May/June 2020).
[image: Table 3]4.2 Classification and regression tree of building type and makeshift changes
Figure 4; Table 4 show the combination of makeshift changes and building storefront types that emerge from the CART analysis. They form seven classified combinations in the first survey period (May to June) and two combinations in the second survey period (November to December) of 2020. The combinations provide a mutually exclusive and collectively exhaustive classification of the storefront types and makeshift changes that best predict variations in business open status in the respective period. Food court, walkable storefront, and individual buildings, with signs posted on store windows and/or on the sidewalk, as well as a customer counter, were identified as the most important predictors of open businesses in May and June. Signs posted on store windows were estimated to be the only predictor for open businesses in November and December 2020. In the first period, the combination of signs posted on store windows and adjusted locations for customer counters were observed at the highest percentage of open businesses, with the next highest percentage of open businesses having signs posted on both store windows and sidewalks. By November and December, the repositioning of customer counters no longer played a role in business continuity.
[image: Figure 4]FIGURE 4 | Classification and regression tree of makeshift changes and retail storefront types predicting open versus closed. Other makeshift changes and retail building types were not selected by the CART models due to low associations with the outcome variable in each period; (A) Seven Combinations were classified in May and June 2020; (B) Two Combinations were classified in November and December 2020.
TABLE 4 | Combinations of building types and makeshift changes.
[image: Table 4]4.3 Classification and regression tree of urban density measures
Figure 5; Table 5 show the results of density classification from the CART analysis with three measures of urban density—employment density, residential population density, and entropy index of land use mixture. Employment density was estimated to be the only significant predictor of open or closed status in May and June, with 95 jobs per acre as the threshold that separated the classification of businesses by their neighborhood location. In contrast, residential density was the only predictor in November and December, with 23.6 persons per acre as the threshold for separating classifications of businesses by their location.
[image: Figure 5]FIGURE 5 | Classification and regression tree of urban density thresholds predicting open versus closed. Other urban density measures were not selected by the CART model due to low associations with the outcome variable in each period. (A) Employment density was the only significant predictor in May and June 2020; (B) Residential population density was the only significant predictor in November and December 2020.
TABLE 5 | Classifications of urban density measures.
[image: Table 5]4.4 Negative binomial regression results
Negative binomial regression estimates of the effect sizes of variables on open or closed status, in May through June and November through December 2020, are shown in Table 6. The table includes the effects of makeshift change combinations and urban density thresholds produced through the CART analysis. All coefficients were converted into odds ratios. A ratio less than one indicates that the presence of the corresponding variable decreases the likelihood of business continuity, while a ratio greater than one indicates that the variable increases the chance of businesses being open. The further away an odds ratio from one, the stronger the association between the independent variable and the dependent variable.
TABLE 6 | Impact factors of food and retail business continuity.
[image: Table 6]For the business type variable, food retail (e.g., grocery stores) is used as the baseline reference because this type of business was labeled “essential,” and demand was unlikely to decline. Therefore, it provides a relatively stable baseline reference to understand how all other types of businesses, by comparison, are expected to underperform during these peak pandemic periods. Compared to food retail, restaurants were 76% less likely to be open in May and June of 2020, and 66% less likely to be open by the end of the year. Similarly, shops selling coffee and tea, including bakeries and other establishments with specialized products, were 69% less likely than food retail to remain open during the May to June period of 2020, improving the odds of reopening by only 2% by the end of the year.
For the variables indicating makeshift adaptations, storefront businesses without any sign are used as the baseline reference in both study periods. Compared with the baseline, businesses with a sign on their window and those with signs on both the window and sidewalk were found to have higher odds of being open in May and June. Food court establishments with no signs on windows were negatively associated with being open. While the relocation of customer counters by food establishments was observed with a 100% open rate in Table 4, after controlling for other factors this strategy was no longer found to be statistically significant. In the November and December model, businesses with signage were also found to have higher odds of remaining open compared to those without.
Measures of employment and residential density were reclassified into binary variables based on the thresholds from CART. Overall, density measures were found to be negatively associated with the odds of being open. In the May and June model, businesses were 82% less likely to be open if the quarter-mile area around them averaged more than 95 pre-pandemic jobs per acre. In the November and December model, businesses were 66% less likely to be open if the quarter-mile area around them averaged more than 23.6 persons per acre.
For other neighborhood characteristics, median household income and percentage of non-Asian persons of color were both positively and significantly associated with business continuity in May and June, as well as November and December of 2020. In particular, the magnitude of the estimated effect of percentage of non-Asian persons of color increased greatly between the first and second period of analysis.
5 DISCUSSION
Despite the designation of essential businesses (Goolsbee and Syverson, 2020), efforts to pivot to online communications and delivery (Yenerall et al., 2022; Norris et al., 2021; Russo et al., 2022; Bonfanti et al., 2023), and financial assistance programs, such as the Paycheck Protection Program (Autor et al., 2022), businesses carrying relatively small amounts of cash on hand found drops in demand to be highly disruptive, leading many to lay off workers, temporarily shut down, and reassess how they might be able to weather the crisis (Bartik et al., 2020). Existing literature clearly anticipates and describes impacts to customer-facing food businesses from reductions in demand (Bartik et al., 2020; Goolsbee and Syverson, 2021; Balla-Elliott et al., 2022). However, most studies have described such impacts at more aggregated scales, either at the county level or submarket level, failing to identify the market segments and individual businesses that require assistance during the pandemic. With data collected in the field within the first few months of the pandemic and the use of CART analysis and regression models, this study adds to the existing body of literature by generating more detailed and accurate profiles of food retail businesses in relation to business continuity during these critical time periods.
In May and June 2020, at the business level, fast food sites were the businesses most likely to continue operations. At the neighborhood level, businesses found in neighborhoods with job density of less than 95 per acre were more likely to remain open. Median income within a walkable area of a business was positively correlated with business continuity. Yet these benefits of business continuity also accrued to locations within a walkable area that includes comparatively higher proportions of non-Asian persons of color, which are comparatively lower income neighborhoods. Conversely, businesses most vulnerable to closure were found in job-dense neighborhoods, especially in the areas around or in downtown, Seattle. Food court closures, inside retail malls and similar establishments, made restaurants in these settings particularly vulnerable to closure. Business closure also was more likely if the business was located in a less-wealthy area, or in a less diverse area. These profiles, however, changed within 6 months. By November and December, the business types most vulnerable to closure were coffee and tea shops. Vulnerability to closure was also found in residential neighborhoods with pre-pandemic residential density greater than of 23.6 persons/acre, or lower median income, or lower diversity.
These profiles can serve multiple urban planning purposes. In the short term, the profiles, especially the business and building types and the neighborhood level characteristics, can help public programs to better target market segments and business groups for more efficient resource allocation. By comparing the profiles with guidelines and criteria used for the qualification of business supporting programs, such as the issuance of special parking permits to facilitate take-out and food delivery, and permits to allow outdoor dining in the public right-of-way, profiles can assist in evaluating the effectiveness of those public programs in reaching the businesses most in need, and to identify potential service gaps. These profiles identify successful (and unsuccessful) cases for further in-depth study to understand the causal mechanisms of how urban designs at the street-level and the neighborhood-level can facilitate a vibrant economy, despite the pandemic.
Besides the profiles, the findings also add to the understanding of underlying factors that affect business continuity. Despite the presence of significant investments in indoor and outdoor dining facilities in our study areas within Seattle, the statistically significant factor observed to have the strongest impact on business continuity was the posting of signs either in windows or affixed to sandwich boards on the sidewalk. There are several reasons for signage to matter in the immediate wake of pandemic restrictions on business operations. During our field audits, we found that information online was often inaccurate, lagging behind the times in regard to operating status and open hours. Signage, as simple as it may be, provides a quick and cost-effective communication channel with customers about new hours, menu items, and safety guidelines.
Business continuity, perhaps emphasized in signage, may also reflect unobserved variables, such as financial conditions and digitalization. The results from structured phone interviews of a subsample (n = 82) of businesses (Supplementary Table S2), found that businesses with posted signs were on average accruing more revenue than in pre-pandemic times (i.e., 2019), and were benefiting from higher percentages of financial assistance (e.g., PPP, EMIC) and rent relief. In terms of operations, they had more full-time employees and longer operating hours in May and June of 2020 than their counterparts. A significantly higher percentage were advancing digitization, adding to their existing online delivery services during COVID-19, and/or witnessing higher percentages of pickup orders in May and June of 2020. The small sample size of this follow-up phone survey cannot show statistical association. Still, the descriptive results do suggest the possibility of relationships between makeshift adaptations in the built environment, financial relief, and the efforts of businesses to elevate take-out and delivery throughput.
Perhaps the most interesting results of this study examine how density in the built environment and socio-economic factors relate to the continued operation or closing of food retail businesses. Pre-pandemic employment density is negatively and significantly associated with customer-facing food business continuity, as measured in the May to June period of 2020. Just 6 months later, however, this variable was replaced by pre-pandemic residential population density, which is also negatively and significantly associated with food retail business continuity.
These results may be better explored through further understanding of the spatial distribution of density in Seattle. Figure 6A shows the spatial distribution of businesses in the study, according to their placement above or below the CART threshold of 95 jobs per acre within a quarter-mile radius. Businesses clustered in and around the downtown area of Seattle, which is dominated by office buildings, were 82% less likely to be open from May to June of 2020. As downtown office workers shifted to work-from-home practices, the floor fell out from underneath the businesses dependent on this customer base.
[image: Figure 6]FIGURE 6 | (A) Business clusters under each employment density classification in May through June 2020; Businesses in Group 1, of higher employment density, have a lower opening rate (52.7%) than those in Group 2 (82.9%) (B) Business clusters under each residential population density classifications in November through December 2020; Businesses in Group 1, of higher population density, have a lower opening rate (72.4%) than those in Group 2 (87.7%).
Results in November to December 2020, show food retail businesses 66% less likely to stay open if the area within a quarter mile radius of the establishment had a pre-pandemic residential population density greater than 23.6 per acre. To try to understand why pre-pandemic residential density could worsen customer-facing food business continuity, we again examine the spatial and built environment context for our results, as shown in Figure 6B. What began as a collection of business closures associated with a loss of employment density in the central business district, Pike’s Place Market and Pioneer Square, grew outward over the ensuing months to the South Lake Union area, associated with a loss of residential population density.
Placing these results in the context of the literature, Ramani and Bloom (2021) describe a “donut effect” of the pandemic on cities, a hollowing out of city centers, with business demand shifting to the suburban and outer rings of large US metropolitan areas, based on data from the US Postal Service and Zillow. Coven et al. (2022) suggest that parts of downtown Seattle had, like other US urban centers, also experienced the mass relocation of people from urban to more suburban and exurban areas, based on smartphone GPS and ZIP code information. Our research suggests that the driving forces of the hollowing out of cities likely changed over time, attributable first to work-from-home policies and followed by the movement of residents to locations that met latent preferences for residential living—preferences that were masked by the desire to be conveniently located close to one’s place of work. The converse was also true, however, for other neighborhoods in the city. Studies have found racial and ethnic minority groups less likely to leave the city and more dependent on work required to be conducted on-premises during the pandemic (Coven and Gupta, 2020; Fu and Zhai, 2021; Zhai and Yue, 2022), which corresponds to the finding that businesses in neighborhoods with higher percentages of non-Asian persons of color are more likely to stay open.
Placed in the context of the real estate literature, the findings encourage mixed-use development in the city core and the redistribution of restaurants and similar food service businesses to diverse residential neighborhoods, to maintain close ties between local businesses and their customer base. Traditionally, the real estate market has valued the centrality and density of urban areas. Rosenthal et al. (2022) found that pandemic employment density had a negative impact on both office rent and the number of new tenant leases and renewals. Other recent studies also document a shift of demand in the housing market away from densely populated areas (Liu and Su, 2021; Ramani and Bloom, 2021). This study offers a retrospective explanation of these changes, beginning with work-from-home and remote-work vacancies of high-density office buildings (and the closure of associated local food retail businesses) and followed, 6 months later, by the flight of residents from high-density residential buildings on the outskirts of downtown (and the closure of associated local food retail businesses).
6 CONCLUSION
The economic impacts of COVID-19 were not equally distributed across the businesses comprising the food retail industry, nor were they equally distributed across the urban areas of cities. This study sought to improve understanding of role of the built environment in mediating urban economic decline and resiliency during the first year of the pandemic, by investigating the effects of business-level factors (e.g., business type, building type, and makeshift adaptations made by the business to improve outcomes), and neighborhood-level factors, (e.g., employment density, residential population density, and socio-demographics), on the business continuity of food retail establishments in the city of Seattle. Results show that closure was much more likely for businesses such as restaurants, cafes, and pubs, than for their counterparts in food retail, such as grocery stores and supermarkets. Results also demonstrate a meaningful role for density in the risk of business closure, though that role changed over time. The first wave of food retail business closure coincided with the first wave of the pandemic and the immediate and widespread shift of workers in office-rich downtown areas to work-from-home practices. Six months later, this was followed by a separate wave of food retail business closures, possibly in connection with the flight of people away from high density residential areas, on the outskirts of downtown. Both dynamics contrast with observations in the socio-demographically diverse areas of the city, where food retail businesses exhibited stability and resilience. Understanding the effects of such factors on business closure offers opportunities to provide more efficient and targeted financial support (Autor et al., 2022), should a similar crisis appear in the future.
Other authors have expressed concern that there may be strategic misalignments between business assets and the shifting environmental demands of novel shocks or crises, such as COVID-19, that place industries at risk (Amankwah-Amoah et al., 2021). Our study demonstrates that the built environment itself, with its form, density, and mix of land use, is one such asset misaligned with the aim of resilience against pandemic shock. The hollowing out of the office-rich downtown core of Seattle may have been swift, but its effects have continued as vacancy rates remain higher than pre-pandemic levels, and as a substantial subset of workers reconsider their preferred place of residence with work-from-home options in mind. The adaptive capacity and therefore the resilience of the food retail industry are affected by the dynamic interplay of characteristics of the built environment with these pandemic-driven economic impacts. The food retail industry, often dependent upon a local customer base, may be a bellwether for both swift and lasting change in the urban economy.
There are four types of limitations to this study. First, this study focused on the built environment, seeking a balance between internal validity and external validity. Though this research includes the full population of food retail businesses in sampled neighborhoods, the sample was not randomly selected and there were no controls. Additional explanatory variables, such as financial condition and digitalization, have the potential to change the outcomes of this study. And apart from a temporal relationship between the first two waves of COVID-19 incidence and the implementation of the study, the research design did not provide explicit linkages with variables representing policy and behavior. Perceived risk, for example, as a controlled variable, has the potential to change the sign of density, and may differ among groups in society (Chauhan et al., 2021; Carella et al., 2022; Joiner et al., 2022). Second, though our selection of neighborhoods for study excluded prominent areas of unrest, it is important to note that the “Black Lives Matter” protests occurred during these periods of observation, which may have contributed to business closure (Motoyama, 2022). Third, there were limits to the frequency of observations recorded in the field for this study. More recent public health and real estate research papers are beginning to fill this gap by examining impacts over longer periods of time (Lee et al., 2021; Carozzi et al., 2022; Guo et al., 2023; Kiaghadi et al., 2022; Motoyama, 2022; Wang et al., 2022a; Wu et al., 2022; Tsou et al., 2023). Fourth, as a study of urban neighborhoods, zoned for growth, in a US city, at the center of a metropolitan area, there are limits to the generalizability of this work and its findings. This study suggests that Seattle increasingly resembles the transit-rich metropolitan centers described by Rosenthal et al. (2022).
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Outcome of Interest Open in May/Jun = —
0 231 (25.1%) -
1 690 (74.9%) -

Open in Nov/Dec -

0 132 (14.3%) -
1 789 (85.7%) =
General Business Characteristics Business Type -
Coffee/Tealetc. 130 (14.1%) [-
Fast Food 60 (6.5%) =
Food Retail 157 (17.0%) -
Restaurant 574 (62.3%) =
Price Range -
s 281 (30.5%) =
s 534 (58.0%) =
88 3(0.3%) -
Not Available 103 (11.2%) -

Building Type
Walkable storefront 716 (77.7%) =
Food court 30 (33%) —
Individual Building and Other 175 (19.0%) -
Onsite Parking -
0 745 (80.9%) =
1 176 (19.1%) —

Curb Parking _

0 32 (35%) —
1 839 (96.5%) -
Neighborhood Density Measures - Mean (SD) Median [Min, Max]
Job Density (jobs/acre) 6.0 (83.5) 26.4 (0660, 53]
Population Density (people/acre) 15.8 (6.49) 138 (793,452
Entropy Index 0.571 (0.0992) 0.596 (0221, 0.730]
7 Neighborhood Demographic Characteristics - Mean (SD) Median [Min, Max]
Median Household Income (dollar) 83,700 (24,300) 82,500 (33,100, 148,000]
Percent Female 46.4% (5.1%) 47.1% (30.7%, 57.3%]
Percent non-Asian People of Color 17.2% (8.9%) 170 (3.2% 485%)
Percent Age 18 to 44 54.8% (11.6%) 52.7% (28.9%, 78.1%]

*Variables in italics were excluded from the negative binomial regression model due to multicollinearity.
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GLM - May/June 2020 GLM - Nov/December 2020
(Open = 1, close = 0) (Open = 1, close

(1) 2)

Odds ratio (S.E.) p-value Odds ratio (S.E.) p-value

Business Type

Coffee/Teaetc. (ref = “Food Retail”) 0306 (1.43) 0.005 0.325 (1.509) 0.006
Fast Food (ref = “Food Retail”) 0445 (1.61) 0.089 0.601 (1.736) 0356
Restaurant (ref = “Food Retail”) 0238 (1.34) <0.001 0341 (1.425) 0.002

Combinations of Building Types and Makeshift Changes in May/June 2020

Storefront (N) sign posted on store window References - - -
Storefront (Y) sign posted on store window [ 231 (123) <0001 - -
(N) sign posted on sidewalk
(N) customer counter

Food court/Individual Building (Y) sign posted on store window 375 (151) 0001 - -
(N) sign posted on sidewalk

(N) customer counter

Food court (N) sign posted on store window 0195 (2.22) 0040 - -
Individual building (N) sign posted on store window 1353 (1.38) 0349 - -

Storefront/Food court/Individual Building (Y) sign posted on store window 8244 277) <0001 - -
(Y) sign posted on sidewalk ‘
Storefront/Food court/Individual Building (Y) sign posted on store window | 4.481 e+07 (181 e+225) 0973 - -
(N) sign posted on sidewalk ‘

(Y) customer counter

Combinations of Building Types and Makeshift Changes in Nov/December 2020
* Storefront/Food court/Individual Building (N) sign posted on store window j — — References
Storefront/Food court/Individual Building (Y) sign posted on store window - - 3.300 (1.230) <0.001
Classification of Urban Density Measures in May/June 2020
Job density < 95.05 jobs/acre References - - -

Job density >95.05 jobs/acre 0.179 (1.23) <0.001 — —

Classification of Urban Density Measures in Nov/December 2020

Residential population density < 23.56 people/acre - - References -

Residential population density >23.56 people/acre - - 0,339 (1.320) <0001

Neighborhood Characteristics

Median Household Income (thousand dollars) 1.012 (1.00) 0013 1.023 (1.006) <0.001

Percent non-Asian people of color [ 3910 (4.74) 0019 153.701 (5.351) 0.003
Constant 1.589 (1.908) 0463 0.664 (2.129) 0587
Observations 921 - 921 -
Log Likelihood [ -387.98 — -34134 —
Akaike Inf. Crit 80197 - 698.68 -

*(Y) with this design strategy (N) without this design strategy.
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Classifications of urban density characteristics

May/June 2020

Number of businesses

Number of open (percentage)

Job density >95.05 jobs/acre 256 135 (52.7%)
Job density < 95.05 jobs/acre 685 568 (82.9%)
Nov/December 2020

Residential population density >23.56 people/acre 105 76 (72.4%)
Residential population density < 23.56 peoplefacre 836 733 (87.7%)
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Combinations of building types and strategies Number of businesses

mber of open (percentage)

May/June 2020

Storefront (Y) sign posted on store window 271 161 (59.4%)
Storefront (Y) sign posted on store window 290 212 (73.1%)
(N) sign posted on sidewalk

(N) customer counter

Food court/Individual building (Y) sign posted on store window 76 67 (88.2%)
(N) sign posted on sidewalk

(N) customer counter

Food court (N) sign posted on store window 17 2 (11.8%)
Individual building (N) sign posted on store window 111 86 (77.5%)
Storefront/Food court/Individual building (¥) sign posted on store window 125 124 (99.2%)

() sign posted on sidewalk

Storefront/Food court/Individual building (Y) sign posted on store window 51 51 (100%)

(N) sign posted on sidewalk

() customer counter

Nov/December 2020

Storefront/Food court/Individual building (Y) sign posted on store window 542 495 (91.3%)

Storefront/Food court/Individual building (N) sign posted on store window 399 314 (78.7%) |
*(Y) with this design strategy (N) without this design strategy.
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