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A B S T R A C T   

The COVID-19 pandemic has severely impacted public transit services through plummeting 
ridership during the lockdown and subsequent budget cuts. This study investigates the equity 
impacts of reductions in accessibility due to transit service cuts during COVID-19 and their as
sociation with urban sprawl. We evaluated transit access to food and health care services across 
22 US cities in three phases during 2020. We found stark socio-spatial disparities in access to basic 
services and employment in food and health care. Transit service cuts worsened accessibility for 
communities with multiple social vulnerabilities, such as neighborhoods with high rates of 
poverty, low-income workers, and zero-vehicle households, as well as poor neighborhoods with 
high concentrations of black residents. Moreover, sprawled cities experienced greater access loss 
during COVID-19 than compact cities. Our results point to policies and interventions to maintain 
social equity and sustainable urban development while benefiting diverse social groups during 
disruptions.   

1. Introduction 

For decades, economically and racially marginalized communities in the US have experienced hurdles in accessing basic oppor
tunities such as jobs, schools, health care, food, and other daily activities (Allcott et al., 2019; Elmes, 2018; Mouw and Kalleberg, 2010; 
Yearby, 2018). The greater vulnerability of these communities exposed them to disproportionate risks during the COVID-19 pandemic 
(Bowleg, 2020; Patel et al., 2020). Previous studies revealed that marginalized populations are not only at a higher risk of experiencing 
health-related impacts (e.g., higher infection and death rates) but are also more prone to the socio-economic consequences of the 
pandemic, such as job losses, food insecurity, and mental stress (Abedi et al., 2020; Bowleg, 2020; Dorn et al., 2020; Kar et al., 2021; 
McLaren, 2020; Montenovo et al., 2020; Saenz and Sparks, 2020). 

Accessibility refers to the ease of reaching destinations (e.g., jobs or services) from key travel origins, such as home (Levinson and 
Wu, 2020). Transit accessibility measures the ability to do so using transit services, and therefore depends on the transit network, 
schedules, and urban form (Lei and Church, 2010; Murray and Wu, 2003; O’Sullivan et al., 2000). While most trips in the US are made 
by car, access to transit is essential for equity, as transit-dependent people are predominantly people with low incomes and minorities 

* Corresponding author at: Department of Geography, The Ohio State University, Columbus, OH 43210, United States. 
E-mail address: le.253@osu.edu (H.T.K. Le).  

Contents lists available at ScienceDirect 

Transportation Research Part D 

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

https://doi.org/10.1016/j.trd.2022.103435 
Received 14 March 2022; Received in revised form 24 July 2022; Accepted 12 August 2022   

mailto:le.253@osu.edu
www.sciencedirect.com/science/journal/13619209
https://www.elsevier.com/locate/trd
https://doi.org/10.1016/j.trd.2022.103435
https://doi.org/10.1016/j.trd.2022.103435
http://crossmark.crossref.org/dialog/?doi=10.1016/j.trd.2022.103435&domain=pdf
https://doi.org/10.1016/j.trd.2022.103435


Transportation Research Part D 110 (2022) 103435

2

(Florida, 2019). Good access to transit also raises ridership among people who have limited travel options (Lucas et al., 2018; Pathak 
et al., 2017; Wang and Woo, 2017) and improves employment outcomes (El-Geneidy et al., 2016; Sanchez, 1999; Stokes and Seto, 
2018; Yi, 2006). Therefore, maintaining public transit access to jobs and other essential services is crucial in ensuring sustainable 
mobility and social equity. 

The pandemic negatively affected public transit services of US cities, leaving their survival at stake. According to the National 
Transit Database (U.S. Department of Transportation, 2019a), transit supply, measured in vehicle revenue miles, increased across the 
US by an average of 1.5% annually from 2010 through 2018. After a small drop of 2% in 2019, this number dropped by another 10% in 
2020 compared to 2019 (U.S. Department of Transportation, 2020, 2019b). While possibly exacerbated by budget cuts that predated 
the pandemic, this substantial reduction of services in 2020 was most likely a result of the COVID-19 pandemic. Several studies showed 
that transit use is not a major means of disease transmission if proper sanitization procedures and face mask requirements are in place 
(Tirachini and Cats, 2020). Yet, transit ridership declined significantly during COVID-19, due to the closure of businesses, teleworking, 
and fears among transit users of possible transmission, especially those with prior experiences of crowding (Cho and Park, 2021; Hu 
and Chen, 2021; Liu et al., 2020). In response to lower transit demand and financial constraints, transit agencies adopted various 
measures, such as limiting service coverage and routes, reducing schedules, and modifying fare collection methods (DeWeese et al., 
2020; Tirachini and Cats, 2020). These changes during COVID-19 have reduced the ability of transit systems across the US to provide 
adequate services and have raised questions about their ability to recover from the current shock and their resilience to future shocks 
(Quiroz-Gutierrez, 2021; Snyder, 2021). 

Few studies have investigated the equity outcomes of transit service cuts during COVID-19 (DeWeese et al., 2020) and their as
sociation with urban form. We aim to address this gap while focusing on access to food and health care as indicators of employment 
opportunities and essential services. Our objectives are to (1) identify social vulnerabilities induced by transit service cuts and the 
subsequent loss of access to food and health care during COVID-19, and (2) elicit the association between urban sprawl and reduction 
in accessibility due to transit service cuts. Here, we quantified transit-based access to food and non-urgent and urgent health care 
within 30 and 45 minutes traveled for all census block groups in the study areas. Our analysis accounts for the peak and off-peak 
periods separately due to different frequencies of service. To quantify losses in transit-based access, we consider three phases of the 
pandemic response in 2020, namely, the pre-lockdown (January–February), lockdown (March–June), and post-lockdown phase 
(November–December). Losing transit access means that a block group had access to a health care or food establishment by transit 
within 30 or 45 minutes of total travel time before COVID-19 but no longer had this access during or after COVID-19. In addition, we 
also quantified the percentage of block groups in each study area that lost transit-based access in the lockdown and post-lockdown 
phases, using the same travel time thresholds to evaluate its relationship with urban sprawl. 

2. Background 

Accessibility is a key performance indicator of urban transportation systems (El-Geneidy and Levinson, 2006). Accounting for 
mobility within the network and the spatial distribution of opportunities, accessibility is used to measure the ability to reach essential 
services from travelers’ homes, workplaces, or other destinations (Levinson and Wu, 2020). Measuring transit accessibility requires a 
systematic integration of spatial and temporal coverage of transit services and cost functions associated with its users (e.g., travel time, 
transit fare) (Lei and Church, 2010). Transit accessibility often considers four key factors: (1) destination attractiveness considering the 
spatial distribution of opportunity locations and service quality, (2) transit service characteristics (e.g., availability of transit stations, 
routes, reliability, and cost of using transit service), (3) temporal constraints (e.g., conflicts in transit schedule, operations hours of 
opportunity locations, and travel time budget of transit users), and (4) socio-economic characteristics of transit users (Malekzadeh and 
Chung, 2020). Mapping isochrones is a popular network-based space–time approach to quantifying transit accessibility (Higgins et al., 
2022; Lei and Church, 2010; O’Sullivan et al., 2000). An isochrone is an area reachable from a specific location given a travel time 
threshold or other cost parameters and mode-specific criteria (Lei and Church, 2010; Levinson and Wu, 2020; O’Sullivan et al., 2000). 

Past studies underscored transit accessibility as an indicator of urban social equity, especially in the context of food and health care 
access (El-Geneidy et al., 2016; Farber et al., 2016; Lee and Miller, 2019). These two essential services were among the few that were 
allowed to operate during the pandemic, especially the lockdown periods (Parks et al., 2020). Among all essential workers, 20.6% and 
30.2% are employed in food and agriculture and the health care industries (McNicholas and Poydock, 2020). These two industries are 
also home to many low-to-mid level income jobs (Anderson and Laughlin, 2020; Wolfe et al., 2020). The majority of the workforce 
employed in food and health care belongs to marginalized communities and earns slightly above the minimum wage ($11–14 per hour) 
(Anderson and Laughlin, 2020; McNicholas and Poydock, 2020). Similarly, two-thirds of health care service jobs require low skills, and 
workers employed in those jobs earn less than $15 per hour and have no health insurance (Frogner et al., 2016). Given their limited 
income and other financial barriers, this part of the workforce is more likely to be public transit users whose access to job destinations 
was affected by changes in transit services during COVID-19. 

Many studies have found that a large proportion of low-income and racial minority populations rely on public transit for food 
shopping and health care services (Hirsch and Hillier, 2013; Shannon and Christian, 2017; Wolfe et al., 2020). For instance, while most 
people primarily drive, car usage for grocery shopping is significantly low among low-income people and people residing in core urban 
areas (Shannon and Christian, 2017). Hirsch and Hillier (2013) found that 24% of households who lack access to nearby food stores use 
public transit for small-scale grocery shopping in Philadelphia, PA. Shannon and Christian (2017) found that households with no 
vehicle ownership perform only 38% of their food shopping trips using cars in Minneapolis and St. Paul, MN. Similar to food shopping, 
lack of access to alternative transportation services disproportionately affects recipients of health care services. Approximately 5.8 
million people in the US were unable to receive timely treatment in 2017 due to transportation barriers accompanied by physical 

A. Kar et al.                                                                                                                                                                                                             



Transportation Research Part D 110 (2022) 103435

3

health challenges; a majority of this group belongs to the low-income and racial and ethnic minority communities (Wolfe et al., 2020). 
Hence, public transit access can benefit both employees and consumers of these services. 

The vulnerability of public transit to disruption during pandemics and other shocks has greatly affected marginalized populations 
due to their transportation disadvantages and heavy reliance on transit services. The decline in transit use during COVID-19 was found 
to be the lowest among low-income, less educated, non-white, and female riders (Brough et al., 2020; Hu and Chen, 2021; Liu et al., 
2020); many were essential workers employed in industries such as food and health care that cannot easily accommodate working 
from home (Parks et al., 2020). As a result, transit service cuts may exacerbate pre-existing social and economic vulnerabilities: on the 
one hand, service reductions impede work-related travel, increasing the potential for job losses and financial hardship in marginalized 
communities, as well as a loss of workforce and productivity for society at large (Sanchez, 1999; Stokes and Seto, 2018; Yi, 2006). On 
the other hand, a lack of access to healthy food and health care can result in nutritional deficiencies, poor health, lack of productivity, 
and diminished community well-being (Barrett, 2010; Decker and Flynn, 2018; Gundersen and Ziliak, 2015). 

In addition, COVID-19 highlights some major deficiencies in US urban systems and current planning practices (Acuto, 2020; 
Hamidi et al., 2020). Provisioning public transit services is not cost-effective in US cities with sprawled, low-density development, and 
multi-jurisdictional governance (Burchell and Mukherji, 2003; Carruthers and Ulfarsson, 2003; Gielen et al., 2021). The expansion of 
highways and continued development outside of urban cores have led to residents, jobs, and services moving to suburbs with more 
reliance on private vehicles. Moreover, this horizontal expansion of cities resulted in ongoing challenges for transit systems that must 
contend with declining funding and corresponding needs for cost-cutting to cover an ever-increasing service area (Hortas-Rico, 2014; 
Richiedei and Tira, 2020; Sakowicz, 2003). Historically, sprawling urban development left low-income and vulnerable populations in 
deteriorating urban neighborhoods (Ewing et al., 2003), but more recently, less affluent populations have been moving more into 
suburban areas due to gentrification and decreasing affordability of inner-urban neighborhoods in many jurisdictions (Allen and 
Farber, 2020a; Schleith et al., 2016). As a consequence, the mobility of marginalized communities is further compromised due to 
limited transportation options (e.g., lack of public transit services) and longer travel times, in turn limiting access to jobs, services, 
recreation, and social interaction (Allen and Farber, 2020a; Schleith et al., 2016; Wang et al., 2018). 

3. Methods 

3.1. Data 

3.1.1. Public transit data 
We selected 22 cities for this study based on the availability of General Transit Feed Specification (GTFS) data and with the goal of 

obtaining a mix of cities of different sizes. The cities include Ann Arbor (MI), Atlanta (GA), Austin (TX), Boston (MA), Champaign- 
Urbana (IL), Chicago (IL), Columbus (OH), Dallas (TX), Denver (CO), Los Angeles (CA), Louisville (KY), Madison (WI), Miami (FL), 
Nashville (TN), New York City (NY), Philadelphia (PA), Phoenix (AZ), Portland (OR), San Jose (CA), Seattle (WA), San Francisco (CA), 
and Salt Lake City (UT). In each city, we included all transit modes (i.e., bus, subway, light rail, and cable tram) for which data were 
available. We integrated data for bus and rail networks in the same city to generate a multimodal transportation network for the 
estimation of travel isochrones. This approach ensured that we captured transit connectivity where riders had the option to transfer 
between modes. We obtained static GTFS data with information about transit routes, stops or stations, schedules, and transfers from 
the OpenMobilityData website (GTFS, 2020), and road network data from OpenStreetMap (OSM) (OpenStreetMap, 2020). 

Based on the changes in transit services in 2020, we defined three phases of pandemic response, namely pre-lockdown, lockdown, 
and post-lockdown, to examine the temporal variation of transit service coverage. The pre-lockdown phase extends from January to 
February, as all states in our study began issuing official stay-at-home orders in March 2020, except for the states of Massachusetts and 
Texas (Moreland et al., 2020). However, the goal of this study is to evaluate pandemic-induced changes in transit supply, not in transit 
demand. We designated March to June as the lockdown phase since the transit services in the study areas, measured by their number of 
routes, experienced the largest declines during this time window and therefore were least accessible to their users. Also, the official 
stay-at-home orders ended by June 2020 in most states (Moreland et al., 2020; USA Today, 2021). During June 2020, some social 
distancing restrictions were still in effect, and states adopted phase-based reopening plans. Considering these reopening plans, 
businesses and services in different states took different amounts of time to reopen and become operational. Therefore, our post- 
lockdown phase extends from November to December, allowing for sufficient time after the lockdown phase for transit agencies to 
adopt recovery measures (if any) and adjust to the post-pandemic environment. 

We used the same time windows for the lockdown and post-lockdown phases for all cities to ensure consistency. These same time 
windows also allowed us to consider the geographically varying rates of COVID-19 transmission and fluctuating numbers of cases, as 
well as delayed responses from agencies in light of the uncertainty. However, we used the number of routes as an indication of transit 
supply during all phases. Within the three time windows, we set some criteria to choose specific dates separately for each agency to 
quantify their transit service in the respective phase. These criteria are as follows: (1) pre-lockdown period: a date on which the highest 
number of transit routes were served, (2) lockdown period: a date on which the lowest number of transit routes were served, and (3) 
post-lockdown period: a date on which the highest number of transit routes was served. To measure accessibility provided by transit on 
a regular weekday, we selected a Tuesday, assuming that all weekdays followed the same transit schedule. If multiple Tuesdays 
fulfilled the criteria, we used the first such Tuesday to perform our analysis. Table S1 in the Supplemental Information (SI) provides the 
full information on transit agencies and dates used in this study. 
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3.1.2. Food and health care location data 
In this study, access to food represents peoples’ ability to reach grocery stores that carry a wide assortment of fresh and healthy food 

products. We obtained the locations and business data of grocery stores for each city from InfoGroup (InfoGroup, 2019). We filtered 
grocery stores based on the North American Industry Classification System (NAICS) code, retailer brand names, and scale of businesses. 
The grocery stores used in this study represent the top 10th percentile of supermarkets and grocery stores based on the employee size 
and sales volume of each store across 22 cities (SI Table S2). We also included warehouse clubs, supercenters, and department stores 
that sell grocery products, namely, Walmart, Target, Costco Wholesale, Sam’s Club, and BJ’s. We collected health care locations from 
InfoGroup as well. We classified the locations into urgent (general hospital and emergency care services) and non-urgent health care 
facilities (specialty hospitals and primary care services) based on their NAICS code (SI Table S3). Our study areas contain many 
primary care and emergency care facilities that are spatially clustered. To reduce the computational burden, we generated clusters 
using the DBSCAN clustering approach (Campello et al., 2013; Hahsler et al., 2019) on these two datasets. The detailed food and health 
care location selection criteria are discussed in SI Section 2. 

3.2. Measuring accessibility to food and health care 

We analyzed changes in transit-based accessibility to food, urgent, and non-urgent health care across the 22 cities. We generated a 
half-mile buffer around each transit stop (approximately 10 minutes walking distance), based on the local transit network during the 
pre-lockdown period. We defined the following criteria to generate isochrones of travel time (i.e., accessibility): (1) travelers only use 
transit and walking, and walk no more than half a mile to and from transit stops, and (2) travelers transfer no more than once, with 
transfers lasting no more than 5minutes. 

For each city, we generated 30 and 45-minute isochrones around each grocery store and urgent or non-urgent health care facility 
for the peak and off-peak hours of each study phase. We used 9 AM – 10 AM as the time window representing peak hours and 1 PM – 2 
PM for the off-peak hours, and sampled isochrones for both hours using 10-minute intervals. Finally, we represented accessibility as a 
geometric average of the sample isochrones for peak or off-peak hours for each destination to account for variation in transit fre
quencies and wait times. The process of generating and processing isochrones is discussed in SI Section 3. 

3.3. Quantifying equity impacts of public transit service changes 

We extracted socio-economic information at the census block group level from American Community Survey (ACS) 5-year esti
mates (2014–2018) and the Environmental Protection Agency’s Smart Location Database (Ramsey and Bell, 2014; US Census Bureau, 
2020) (SI section 4). 

For each city, we examined the individual effects of each socio-economic variable on the changes in transit-based access to food and 
health care during peak and off-peak hours of lockdown and post-lockdown phase. First, we estimated the percent change in accessible 
area compared to the total block group area for each block group in the study areas. The data follow a highly skewed distribution with 
zero values accounting for 56–67% of the total observations. We applied Kruskal-Wallis (KW) test, a non-parametric equivalent to one- 
way ANOVA, to compare the mean rank of the variable of interest (i.e., percent change of accessible area in each block group) across 
socio-demographic groups. As socio-demographics are continuous variables, we used the quartile values to categorize each socio- 
economic variable into four groups. We ran the tests separately for each city given their difference in socio-demographic compositions. 

KW tests have several limitations: (1) they do not accommodate interaction terms, (2) they rely on the assumption that the dis
tributions of the compared groups follow the same shape, which did not hold in many cases in our dataset, (3) the categorization of 
socio-economic variables into quartile leads to unavoidable information loss, and (4), the significant results only mean that at least one 
group is different from the other groups, but do not identify which one. Therefore, we conducted additional analyses to investigate the 
interacting effects between multiple socio-economic hardships and overcome the potential bias that was introduced by the violation of 
the KW test assumption. 

Specifically, we used separate multilevel binary logit models to estimate the equity impacts of transit cuts during peak and off-peak 
hours in the lockdown and post-lockdown phases. In all cases, the reference was the pre-lockdown phase. We estimated separate 
models for each period of transit operation (peak and off-peak), destination type (groceries, urgent health care, and non-urgent health 
care), and phases of the pandemic response (lockdown and post-lockdown) using travel time thresholds of 30 (for main analysis) and 
45 minutes (for sensitivity analysis). In each model, our dependent variable was a binary variable denoting whether a block group lost 
accessibility to the specific destination type during the specified period. While the binary measure may lead to some information loss, it 
allows us to overcome the complication of modeling zero-inflated, highly-skewed data in the multilevel regression framework. 

We assigned a binary value of accessibility loss (0 or 1) for each block group. A block group received a value of 0 (no loss in 
accessibility) if more than 30% of the block group area had access to the specific destination type during the pertinent transit operation 
hours (e.g., peak hour) and pandemic response phase (e.g., lockdown phase), and 1 (loss in accessibility) otherwise. The two-level 
multilevel models include block group-level socio-economic variables for level 1, along with several interaction terms: low-income 
workers with no-vehicle households, poverty rate with no-vehicle households, poverty rate with black populations, and black populations with 
no-vehicles as independent variables. Cities were coded as group-level factors (level 2), using random intercepts to examine the dif
ferences in the probability of losing access among cities. Each independent variable was normalized to a z-score value. 

The model applies a logit link function to estimate the probability p of losing access y for a block group i in a city j. The dependent 
variable (transit access loss) is: 
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yij = logit
(
pij
)
= log

[
pij/

(
1 − pij

) ]

Equation (1) is the first level of the multilevel model: 

yij = β0j + βiXij + eij, eij ∼ N
(
0, σ2) (1) 

where, β0j is the random intercept that varies by city j; βi is the coefficient for the block-group-level socio-economic variables Xij; the 
error term eij is assumed to be normally distributed with a mean value of 0 and variance σ2

. 
Equation (2) is the second level of the multilevel model: 

β0j = γ0 + γj, γj ∼ N
(
0, τ2) (2) 

where γ0 is the overall intercept of the model; the error term γj represents the deviation in intercept for city j and follows a normal 
distribution with a mean value of 0 and variance τ2. 

The combined multilevel model is: 

yij = γ0 + γj + βiXij + eij (3)  

Fig. 1. Likelihood of losing transit access to food and health care facilities during COVID-19. Notes: Coefficients were estimated from multilevel 
binary logit models using a travel time threshold of 30-minutes from food and health care facilities. Red bars represent confidence intervals. 
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3.4. Evaluating the relationship between urban sprawl and accessibility reduction 

Our study areas somewhat deviate from administrative city boundaries, as they are the service areas covered by each transit 
agency. We derived the urban sprawl index for each study area as an inverse of the area-weighted average of county-level compactness 
data (Ewing and Hamidi, 2014). 

We acquired the urban compactness dataset from the National Cancer Institute (NCI) (Ewing and Hamidi, 2014). The NCI used the 
following indicators to determine a compactness factor: development density, land use mix, population and employment centering, 
and street accessibility. In the NCI dataset, the value of the compactness factor is converted to a composite compactness index with a 
mean of 100 and a standard deviation of 25. Here, a composite value greater than 100 indicates a higher level of compactness, while an 
index less than 100 indicates more sprawl. We obtained these NCI composite compactness indices at a county level and calculated their 
area-weighted average for each study area j as shown in equation (4): 

Cj =

∑n
i=1CiAi

∑n
i=1Ai

(4) 

where Cj denotes the area-weighted composite compactness index for study area j, n denotes the number of counties with service 
coverage in the pre-lockdown phase, Ci represents the composite index of county i, and Ai represents the total block group area within 

Fig. 2. Peak period: Interactions between socio-economic variables in predicting the probability of decreased accessibility during peak hours in the 
lockdown and post-lockdown phases. Notes: Vertical axes show the likelihood of reductions in accessibility, given different combinations of socio- 
economic variables in the x-axes. Variables on the x-axis are calculated as the normalized z-score at the census block group level. Grey boxes 
represent insignificant interactions for one out of two phases (lockdown and post-lockdown). Significance is indicated at the p < 0.05 level. 
Insignificant interactions for both phases are not shown. 
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county i with service coverage in the pre-lockdown phase. 
We estimated the urban sprawl index for each study area as an inverse of the area-weighted composite compactness index. Hence, 

the urban sprawl indices in our study areas vary from 0.004 to 0.009, where a higher value indicates greater sprawl and a lower value 
refers to compact study areas. 

Finally, we estimated the percentage of block groups of each study area that experienced a reduction in accessibility during the 
peak and off-peak periods of the lockdown and post-lockdown phases compared to the pre-lockdown phase using travel time 
thresholds of 30 and 45 minutes. We then tested the association between the urban sprawl index and the percentage of block groups 
with reduced accessibility for our study areas using Spearman’s rank-order correlation test. 

3.5. Robustness check 

The methods discussed in sections 3.2 to 3.4 was performed using two travel time thresholds of 30 and 45 minutes. We used our 
accessibility measures using a 30-minute threshold for the main analysis and compared the results with accessibility measures of a 45- 
minute threshold for checking the robustness of our study findings. 

Fig. 3. Off-peak period: Interactions between socio-economic variables in predicting the probability of decreased accessibility during off-peak hours 
in the lockdown and post-lockdown phases. Notes: Vertical axes show the likelihood of reductions in accessibility, given different combinations of 
socio-economic variables in the x-axes. Variables on the x-axis are calculated as the normalized z-score at the census block group level. Grey boxes 
represent insignificant interactions for one out of two phases (lockdown and post-lockdown). Significance is indicated at the p < 0.05 level. 
Insignificant interactions for both phases are not shown. 
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Fig. 4. Probability of losing transit access in the lockdown and post-lockdown phases (peak hours).Notes: Horizontal bars on the right represent the 
probability of losing access to food (a), non-urgent (b), and urgent health care (c). Vertical green bars represent the urban sprawl index. Whiskers on 
both axes represent the maximum values of urban sprawl and the probability of losing transit access. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.) 
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4. Results 

4.1. Social vulnerabilities induced by transit service cuts 

Descriptive statistics are shown in Table S5 – S7 in the SI. According to the KW tests, the mean percentage changes of accessible area 
significantly vary across the four quartile groups of most socio-economic variables (Table S8), especially for large cities such as Boston, 
Chicago, Dallas, Denver, Los Angeles, Miami, New York, Philadelphia, and Phoenix. For the rest of the mid-size and small-scale cities, 
block groups categorized by poverty rates, percentages of black populations, and zero-vehicle ownership indicate significant differ
ences in their losses in transit access for most cases. 

Fig. 1 shows the results from the multilevel binary logit models of access loss from food and health care facilities within 30 minutes 
travel time. All variables were measured at the census block group level. The goodness of fit statistics of these models are discussed in SI 
Table S9. The models indicate a high likelihood of losing transit access to food and health care services for vulnerable populations, 
especially when considering the interaction effects (Fig. 1). Figs. 2 and 3 further elaborate the interactions between socio-economic 
variables in predicting the probability of decreased accessibility during peak and off-peak hours in the lockdown and post- 
lockdown phases. The direction, magnitude, and interaction patterns of these variables during peak and off-peak hours are similar. 
It is noteworthy that this loss of access affects not only grocery customers and health care patients, but also employees who operated 
these essential services during the pandemic. A web map of accessibility changes in all cities during the study periods is available at 
https://arcg.is/05qP5z. 

Block groups with socio-economic disadvantages, such as high poverty rates and large shares of black populations, were more likely 
to lose access overall (Fig. 1). Additionally, social vulnerabilities appeared to compound: block groups with multiple social disad
vantages experienced a higher likelihood of losing accessibility during both peak and off-peak hours (Figs. 1, 2 and 3). The likelihood of 
losing access was higher in block groups with two socio-economic factors in play, such as poverty, low incomes, high shares of black 
populations, and lack of a vehicle (Figs. 2 and 3). Although the percentages of zero-vehicle households alone imply a negative effect on 
transit-based access loss (Fig. 1), increases in its share in high poverty block groups were associated with a higher likelihood of losing 
transit services during the peak and off-peak hours of all study phases (Figs. 2 and 3). Similarly, block groups with high percentages of 
low-income households and zero-vehicle ownership were more vulnerable considering their access to food during peak and off-peak 
hours of the lockdown phase (Figs. 2 and 3) and access to non-urgent health care during post-lockdown peak hours (Fig. 2). 

Interestingly, neighborhoods with more black populations and fewer zero-vehicle households were more likely to lose access to 
non-urgent health care during off-peak hours compared to black-dominant neighborhoods with lower vehicle ownership (Fig. 3). On 
the other hand, poverty rates exacerbated the vulnerability of black populations of losing transit access in the case of urgent care in 
both transit operation time of lockdown phase (Figs. 2 and 3). 

Fig. 4. (continued). 
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4.2. Spatial patterns of reductions in transit-based accessibility 

Here we explored the service cut and recovery patterns across cities. Fig. 4 presents the probability of losing transit access in the 
lockdown and post-lockdown phases during peak hours (from the multilevel logit models). In the first phase of the pandemic (lock
down), transit cuts resulted in greater loss of access to food than to health care during peak hours (Fig. 3). In the second phase (post- 
lockdown), however, most cities showed similar recovery patterns in transit access to both food and health care. The cities with a 
greater loss of transit access during lockdown (i.e., have more block groups that lost access) also showed significant recovery of access 
during the post-lockdown phase (i.e., fewer block groups that lost access post-lockdown). This recovery pattern was visible in Phil
adelphia, Salt Lake City, Dallas, Denver, Atlanta, Madison, and Ann Arbor. Meanwhile, some cities, such as Los Angeles and Seattle, 
experienced additional losses instead of recovering post-lockdown: while they had fewer block groups that lost access during the 
lockdown phase, they had more block groups that saw additional losses of access post-lockdown. This pattern is also noticeable in New 
York and Portland, considering their access to food, and in Boston and Miami, considering their access to health care. 

Other cities (Austin, Chicago, Nashville, Columbus, San Francisco, and San Jose) had lower yet persistent changes in transit 
accessibility throughout all study periods. Cities such as Urbana-Champaign, Louisville, and Phoenix, showed a recovering pattern 
considering their access to food and non-urgent health care and experienced more losses in transit access to urgent care. The differ
ences in transit access changes between peak and off-peak hours are minor (SI Fig. S2). 

4.3. Impacts of urban sprawl on accessibility reduction 

We investigated the association between reduction in transit access and the urban form of these cities. Fig. 5 shows Spearman’s 
rank-order correlation (ρ) between the urban sprawl index and changes in transit access to food and health care. Higher values of ρ 
indicate a stronger correlation between urban sprawl and the percentage of block groups with transit service cuts. Boston was excluded 
from this analysis due to the missing sprawl index. 

We found that the percentage of block groups that lost transit accessibility was positively correlated with the level of sprawl of the 
cities. This means that both employees and customers of grocery stores and health care facilities in sprawled cities were more likely to 
lose transit access to these services than those living in compact cities. Additionally, the correlation between the percentage of block 
groups with access loss and the urban sprawl index shows a stronger effect in the lockdown phase than in the post-lockdown phase, 
especially for food and urgent health care. Transit agencies in some cities resumed some of their services in the post-lockdown phase. 
Therefore, the service gaps between this phase and the pre-lockdown phase are smaller than the gap between the lockdown and pre- 
lockdown phases. As a result, the reductions in access measured in the post-lockdown phase were not as extensive as in the lockdown 
phase, resulting in weaker correlation coefficients. 

Figs. 6 and 7 show the detailed scatterplots of the correlations between urban sprawl indices and the percentages of block groups 
with reduced transit access to food and health care in 21 cities (except Boston). The x-axis indicates the urban sprawl index, and the y- 
axis is the percentage of block groups with reduced transit accessibility to food and health care in the respective phases. Very few study 
areas fall in the high-low or low–high quadrants when the correlation coefficients are significant. Most study areas are in either high- 
high or low-low quadrants, indicating higher declines in transit services in highly sprawled urban areas. 

4.4. Findings from robustness check 

Our robustness checks using a 45-minute travel time threshold show that the results above are robust. The models with 30 and 45- 
minute travel times yielded similar directions of effects for most variables, with few deviations in significance and magnitude (SI 
Fig. S3). Similarly, our findings on the correlation between urban sprawl and reduction in accessibility remained consistent when the 
travel time threshold was increased (SI Fig. S4). 

Fig. 5. Correlation between urban sprawl index and the percentage of block groups that lost accessibility in the respective phases. Notes: The y-axis 
represents Spearman’s rank-order correlation coefficient (ρ). Blue bars represent significant ρ’s (at p < 0.05), and grey bars represent insignificant 
ρ’s. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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5. Discussion 

5.1. Equity implications of accessibility lost during COVID-19 

Access to food and health care is indispensable in everyday life, and they are especially important during a pandemic such as 
COVID-19. Limited access to such essential services may have particularly adverse effects on disadvantaged populations. For example, 
limited food access is linked to food insecurity and indirectly connected to nutrition deficiencies, higher susceptibility to chronic 
diseases, and poor physical and mental health (Barrett, 2010; Decker and Flynn, 2018; Gundersen and Ziliak, 2015). Similarly, limited 
health care access is linked to negative physical and psychological health consequences and may also affect medical care expenses, 
mortality rates, life expectancy, community well-being, and productivity (Bradley et al., 2011). In addition, grocery stores and health 
care facilities are basic community services providing employment opportunities for many low-income essential workers (Anderson 
and Laughlin, 2020; Frogner et al., 2016; Parks et al., 2020). 

Our study highlights inequalities in access to essential services and jobs because of transit service cuts during the COVID-19 
pandemic, thereby complementing results from recent studies on COVID-19 and social equity (Bowleg, 2020; Dorn et al., 2020; 
Patel et al., 2020). Our results show that transit services were more severely cut for the communities that needed them the most, 
particularly in neighborhoods with a large share of low-income and black populations. Additionally, communities with multiple 
disadvantages, such as high poverty rate, no vehicle ownership, and a high share of low-income workers, suffered the most from these 
reductions in accessibility due to transit service cuts. It is particularly important to understand and alleviate these impacts since budget 
cuts may result in service reductions that outlast the pandemic. 

Our study also underscores a critical planning issue in US cities: the compromised resilience and inefficiency in providing crucial 
community services, including transportation, food, and health care, as a result of urban sprawl. The results suggest that sprawled 
study areas underwent greater reductions in transit-based food and health care access as compared to compact areas. This is an equity 
issue: significant numbers of low-income households are forced to live in the suburbs due to gentrification, housing unaffordability, 
segregation, and decentralization of employment (Barton and Gibbons, 2017; Kneebone, 2017; Redding, 2021). While a larger per
centage of low-income suburban residents owns a car compared to their urban counterparts, they still face considerable transportation 

Fig. 6. Correlation between urban sprawl index and the percentage of block groups that lost accessibility during peak hours, using a travel time 
threshold of 30 minutes. 
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barriers due to insufficient car access, poor vehicle quality, and high maintenance and operation costs for such vehicles (Blumenberg 
et al., 2020). Consequently, low-income suburban residents also tend to rely heavily on public transit when this option is available 
(Lucas et al., 2018; Pathak et al., 2017; Wang and Woo, 2017). Many of them belong to the essential workforce employed in the food 
and health care industries, whose mobility was impeded by pandemic-related transit service changes. Thus, household car ownership 
alone does not guarantee access. Transit, as well as other transportation services, need to be restored and strengthened to protect and 
prioritize the mobility of these marginalized populations. 

Our results suggest that transit agencies that went through larger reductions during the lockdown phase are recovering at a better 
pace. In contrast, agencies with lower service reductions in the lockdown phase were mostly forced to maintain those cuts or make 
additional cuts in the post-lockdown phase. It is possible that transit agencies of these cities experienced a slower recovery due to 
pandemic-induced budget shortages or low ridership. Regardless of the causes, this poor recovery pattern is alarming, as its contin
uation may put the viability of transit systems at stake. Hence, the resilience of the transportation system and basic community services 
need to be systematically and organizationally strengthened by means of resource allocation, fiscal policies, a skilled workforce, state, 
and federal support and coordination, and preparedness plans for future shocks. 

5.2. Policy implications 

Our study has significant implications for understanding equity issues and the future recovery of public transit, which has his
torically functioned as a social stabilizer. Reductions in transit services decrease access to jobs, basic services, and social connections. If 
these service cuts persist after the lockdown, the consequences will persist as well. Our findings further illustrate the outsize impacts of 
COVID-19 on disadvantaged populations and the risk of backsliding on social and economic equity. Greater government assistance for 
transit agencies in such a time of crisis, and continued updates to planning policies to reduce urban sprawl, are a means to empower 
affected communities with improved mobility and access to basic services. 

Besides, services in both urban and suburban low-income areas are essential to prioritize equity over efficiency (Allen and Farber, 
2020a, 2020b). Some policies adopted during COVID-19 could be strengthened and applied more widely to promote transportation 
equity. For instance, on-demand shared mobility services such as micro-transit became a popular alternative to traditional transit 

Fig. 7. Correlation between urban sprawl index and the percentage of block groups that lost accessibility during the off-peak hours, using a travel 
time threshold of 30-minutes. 
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services during the pandemic. In response to low ridership, some cities, such as Detroit, MI, supplemented their suburban transit routes 
with micro-transit services (American Public Transportation Association, 2022). Other cities such as Los Angeles, CA, Seattle, WA, 
Columbus, OH, Houston, TX, Jacksonville, FL, and Grand Rapids, MI launched micro-transit as a complement to their existing services 
to improve transportation to essential destinations such as homes, jobs, health care services, groceries, and schools (American Public 
Transportation Association, 2022). Local agencies can maintain these additional routes and services as a supplement to the existing 
public transit network. Continuation and expansion of these services can enhance transit coverage, eliminate car dependency, solve the 
first-mile last-mile problem, and promote affordable mobility for all (Wong, 2020; Zhou et al., 2021). Besides, the US federal gov
ernment provided support for transit agencies’ operation costs through COVID-19 relief packages, in addition to aid focusing on 
infrastructure and maintenance costs (TransitCenter, 2021). These short-term funding efforts should be expanded in the long run to 
enable the restoration, enhancement, and operational efficiency of transit services (He et al., 2021; TransitCenter, 2021). 

Additionally, transit agencies should prioritize people with acute mobility disadvantages, such as essential workers, economically 
marginalized population groups, and people with disabilities while restoring transit service post-lockdown (He et al., 2021). Some of 
these initiatives are already in progress. Many transit agencies have attempted to balance cost-cutting measures and the provision of 
services to frequent riders and essential job destinations while limiting overall transit routes and services during the pandemic (Vock, 
2020). Given the multiple facets of service cut impacts, as illustrated by our study, multi-agency cooperation and a holistic consid
eration of social impacts of transit service adjustments would be beneficial (SPUR, 2015). 

Prior to the pandemic, various initiatives were undertaken to increase transportation-related financial support for low-income 
households. Examples included ride offers by the nationwide taxicab and livery service program (Harmon, 2020), transportation 
vouchers distributed by the US federal program titled, Temporary Assistance to Needy Families (TANF) (Center on Budget and Policy 
Priorities, 2021), and many financial support programs facilitating car ownership and maintenance (Blumenberg et al., 2020; Men
denhall et al., 2012; Rubiner, 2006). However, given the diverse needs of household members and the operating expenses of cars, these 
population groups still tend to experience constraints on their automobile access to services and rely on public transit for their day-to- 
day mobility, underscoring the need for a multimodal transportation system encompassing both automobiles and public transit 
(Blumenberg et al., 2020; Pendall et al., 2021). 

It is worth noting that restructuring our transportation systems should be done alongside reconfiguring land use patterns. Cities 
should use the opportunity presented by the COVID-19 disruption to rethink and redesign urban areas in more resilient ways. In the 
long run, changes to the built environment are imperative, as none of the current urban or suburban settings provide an affordable 
solution to marginalized populations (Kramer, 2018). Potential strategies include, but are not limited to, updating zoning ordinances 
to allow mixed land use, removing minimum parking requirements, building affordable housing, updating eviction regulations, 
attracting businesses to underserved neighborhoods, and promoting urban infill development. Transit-oriented development and 
urban densification should also be promoted, although policies need to be in place to reduce the impacts of gentrification. 

COVID-19 creates additional challenges and uncertainty regarding the effectiveness of improving accessibility through land use re- 
configuration. Due to widespread teleworking, demand for suburban homes has increased. While this leads to potential investments 
and the opening of new businesses in these areas (Bayrakdarian and Armstrong, 2021; Winkler and Gordon, 2021), which might 
increase accessibility in suburban areas, it may also cause gentrification in areas that were affordable before COVID-19. At the same 
time, the low housing stock pushes rents and housing prices up and makes housing less affordable to low-income populations (Mari, 
2021; Olick, 2021). This means that vulnerable populations have even fewer residential choices than before and may be forced to 
accept higher transportation costs to reduce their housing expenses. Therefore, policies that promote housing affordability are 
important to ensure transportation equity. 

6. Conclusions 

Our study investigates the equity impacts of reductions in accessibility to essential services due to transit service cuts during 
COVID-19. We found compounding effects of social vulnerabilities, such as income, race, lack of vehicle ownership, and neighborhood 
type, further exacerbating the negative impacts of the loss of transit-based access to food and health care. This study has important 
implications for designing a systematic method of evaluating temporal changes in public transit services. Future studies may build on 
this research to evaluate the resilience of other sustainable forms of transportation (e.g., walking and biking) during the COVID-19 
pandemic. Future research should also study the transit agencies where slower recovery patterns were observed to identify the un
derlying social, financial, and institutional mechanisms affecting their resilience. In addition, researchers may investigate the various 
service adjustment strategies employed by agencies to identify approaches with fewer negative equity impacts and apply that 
knowledge to devise policies for faster recoveries from future disruptions. 

Our study has several limitations. First, although we applied an average isochrone measure to account for transit service frequency, 
the service changes we measured with our approach may deviate to a small degree from the actual changes. Second, our analysis of the 
relationship between urban sprawl and reductions in accessibility is based on a simple correlation measure and does not reveal a causal 
relationship. The correlations found in this study might be an outcome of external effects that future studies can explore. Third, our 
measure of transit-based accessibility during the lockdown phase does not distinguish between pandemic-induced transit service cuts 
and service cuts that were already planned prior to the pandemic. Fourth, although our study intended to select a mix of cities of 
different sizes, the proportions of big, mid-sized, and small cities are not equal in our selection and are not presentative for all US cities. 
This may limit the generalizability of our results. Finally, our study evaluates the supply of transit services, that is, how much transit 
service was available and who was able to use it. The study does not provide any measurement of transit demand. Future studies may 
adopt mode-specific analyses and measure changes in transit demand and consumption due to the pandemic-related changes in transit 
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supply, and use this study as a basis for evaluating the demand–supply mismatch. 
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