


drastic reduction in the need to travel and engage in

face-to-face interactions (4, 5).

As a result of these changes, society experienced very

significant changes across all aspects of life. The amount

of travel undertaken for commute and non-commute

purposes dropped significantly during the pandemic (6–

8). With the ability to work, learn, shop and order food,

and conduct business from home, individuals engaged in

less travel and activity engagement outside the home.

These lifestyle changes were naturally accompanied by

and associated with changes in transportation mode use.

In particular, transit use dropped dramatically, partly

driven by public health concerns related to using shared

modes of mobility and partly by the reduced need for

many to use transit in the wake of greater levels of home-

based work and virtual activity engagement (6, 9). Many

transit agencies experienced substantial reductions in

transit ridership, and the recovery of transit ridership,

even as the pandemic waned in 2022, was slow and tepid.

In the United States, at the time of writing (2022), most

transit agencies have not recovered even one-half of the

pre-pandemic ridership levels, thus signifying the onset

of a new normal for the future of transit (9, 10).

Transit agencies are grappling with the implications of

substantial drops in ridership and associated fare reve-

nue, and are being forced into changing service levels

(e.g., frequency) and service coverage (both spatially and

temporally). These reductions in service levels are further

exacerbating the situation as people find it impractical to

use transit to meet their mobility needs and increasingly

choose to use mobility-as-a-service or other modes to

travel (11, 12). Transit in the United States was already

experiencing a slow decline in ridership in the pre-

pandemic era because of a healthy economy (that facili-

tated high levels of car ownership), affordable fuel prices,

and widespread availability of mobility-on-demand ser-

vices that offered very flexible and convenient transporta-

tion. The pandemic has greatly accelerated the reduction

in transit use and the transition to other modes of trans-

portation that are perceived as safer (both from a health

and a crime standpoint) and more convenient. With

employers and employees increasingly embracing work-

from-home and hybrid work modalities, hopes for a

rapid and full recovery of transit ridership are increas-

ingly fading (13).

Transit is, however, a very important mode of trans-

portation that serves as a critical lifeline for many indi-

viduals. Transit serves the mobility needs of minorities,

low-income individuals, individuals unable to own or

operate a private vehicle, individuals with mobility lim-

itations, and workers who must travel to service-oriented

jobs. If transit services were to decline, many of these

individuals may find it difficult to meet their commute

and travel needs, especially because mobility-on-demand

services (such as ridehailing services) continue to be pro-

hibitively expensive for daily/frequent use. Thus the

future of transit is of great concern for transportation

planners, policymakers, businesses, and individuals who

have come to rely on transit for meeting mobility needs.

It is therefore imperative to understand the evolution

of transportation mode usage over the course of the pan-

demic and (expected) into the future, with a particular

focus on transit use. Through such an analysis, it will be

possible to understand the factors contributing to the

drop in transit use, what transit users of the past (pre-

COVID) are doing in the COVID era, and the degree to

which transit use may or may not recover in the post-

COVID era. (In this paper, ‘COVID’ refers to the

COVID-19 pandemic which was declared by the World

Health Organization in March 2020.) To shed light on

this evolutionary phenomenon, this study uses a unique

panel data set derived from the COVID Future Survey

study (14). This nationwide survey in the United States

provides very rich longitudinal data on the activity,

travel, and mode use patterns of a large sample of indi-

viduals. The data set provides information on what indi-

viduals did before and during COVID, and what they

expect to do after COVID is no longer a threat (with

respect to activity engagement, activity modality, and

mode use).

The study employs a novel modeling approach to

understand and quantify the evolution of transit use. The

model considers three time periods: before, during, and

after (expected) the pandemic is no longer considered a

threat. Because of the panel nature of the data set (where

information is available for the same individual at three

points in time), it is possible to determine the effect of

COVID on transit use and separate this effect from other

pure exogenous variable effects (such as those stemming

from socio-economic and demographic variables). A set

of exogenous variables including socio-economic and

demographic attributes, built environment attributes,

health concerns and perceptions of the virus, and work/

occupation characteristics are included in the model. The

model is a simple multinomial discrete choice model, but

incorporates appropriate time period indicators so that

COVID shift effects can be explicitly represented and

estimated. Through the consideration of three different

time points (pre-pandemic, during the height of the pan-

demic, and expected post-pandemic), the study is able to

show the extent to which COVID contributed to the fall

in transit ridership during the height of the pandemic as

well as the extent to which transit ridership is expected to

recover following the pandemic. In addition, the model

includes a series of latent attitudinal factors/constructs

that capture attitudes, perceptions, lifestyle preferences,

and risk tolerance and risk averseness. Through such a

comprehensive model specification, the study aims to
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unravel the short- and long-term effects of COVID on

transit. Armed with such knowledge, it will be possible

for transit agencies to formulate effective transit recovery

strategies and plan for a significantly altered state in the

longer-term future.

The remainder of this paper is organized as follows.

The next section presents a detailed description of the

data and the endogenous variables of interest. The third

section presents the modeling framework and methodol-

ogy, followed by the fourth section that presents detailed

model estimation results. Then, the fifth section depicts

the computation of exogenous variable and COVID shift

effects. Finally, the sixth section offers a discussion of

the study implications and concluding thoughts.

Data Description

This section presents an overview of the data set used in

this study. A description of the survey and a summary of

sample socio-economic and demographic characteristics

are presented first. This is followed by a detailed descrip-

tion of the endogenous variable of interest (mode choice)

and latent attitudinal factors.

COVID Future Survey and Characteristics of the

Sample

The data set used in this study is derived from the

COVID Future Survey, a nationwide panel survey con-

ducted in the United States. The online panel survey

gathered detailed information about socio-economic and

demographic attributes, travel and mobility choices, atti-

tudes and perceptions, lifestyle and modal preferences,

work and education modalities (in-person, virtual,

hybrid), activity engagement patterns (including virtual

activity engagement), technology use patterns, and mode

use for commute and non-commute travel. Participants

were recruited via multiple methods to help mitigate any

sampling biases that may arise from the use of a single

recruitment method. Recruitment methods included the

use of an online survey panel, outreach to a large ran-

dom sample of e-mail addresses purchased from a com-

mercial vendor, and outreach to a convenience sample of

contacts and colleagues through social media and per-

sonal communications.

The longitudinal panel survey was administered at dif-

ferent time points throughout the pandemic to track

changes in activity and mobility choices over time (as

external and internal household/personal circumstances

changed). The first wave of the survey was conducted

soon after the onset of the pandemic in the United States,

during the period from April 2020 through October 2020.

A total of 9,912 individuals responded to the survey. In

addition to providing information about what they were

doing (i.e., activity-travel patterns and mode use) during

the pandemic, the respondents provided information

about their pre-pandemic behaviors and mobility choices.

The second wave of the survey was administered to the

first-wave respondent sample from November 2020

through May 2021, a period during which vaccinations

were rolled out to increasingly larger segments of the

population. A total of 3,093 individuals responded to the

second wave of the survey. Finally, the third wave of the

survey was administered in October–November 2021. By

the time the third wave was administered, vaccinations

were widely available. A total of 2,860 individuals

responded to the third wave of the survey.

The COVID Future Survey yielded a rich longitudinal

panel data set for about 2,000 individuals across the

United States who responded to all three waves. In each

wave of the survey, individuals answered questions about

their activities and mobility choices at the time that they

were responding to the survey and about what they

expected to do (i.e., activities and mobility choices) in a

post-pandemic era when the COVID-19 virus is no lon-

ger a threat. Further details about the COVID Future

Survey are available in Chauhan et al. (14).

The first wave contains mode choice data at the height

of the pandemic, thus offering the ability to evaluate the

impacts of a severe and prolonged disruption on mode

choice (relative to the pre-pandemic era). Even though

the second and third waves provide additional data for

tracking the evolution of mode use, this paper is largely

concerned with assessing the extent to which transit use

will recover in the post-pandemic period. For this reason,

the analysis and modeling efforts of this paper utilize

data corresponding to three time points: before COVID

(pre-pandemic), during (the peak of) COVID, and post-

COVID (when COVID-19 is no longer considered a

threat). Data about pre-pandemic choices were collected

through a series of retrospective questions included in

the first wave survey questionnaire. First-wave data offer

information about activities and mobility choices during

the peak of COVID in 2020. Questions about the

expected post-pandemic behaviors were asked in every

survey wave; the answers provided in the third wave are

used in this study as it is likely that people were most

confident about their stated behavioral intentions in a

post-pandemic era at that stage.

The focus of this paper is on the evolution of commute

mode choice. As such, only workers in the sample of indi-

viduals who responded to the first and third waves of the

survey were extracted for analysis. After extracting the

worker subsample and filtering observations with missing

data, the final analysis subsample includes 930 workers.

Table 1 presents the characteristics of this sample.

The sample has a larger share of females. The age dis-

tribution shows that larger shares of respondents are in
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the middle age groups with smaller shares aged under 30

or over 60 years. Given that this is exclusively a worker

sample, such a distribution is expected. Educational

attainment is fairly high, with 38.7% having completed a

Bachelor’s degree and another 31.1% holding graduate

or professional degrees. About 84% of the sample are

White, with 6% Black and 6.5% Asian or Pacific

Islander. The annual household income distribution

shows that only about 5% are in the lowest income

bracket of $25,000 or less, while about 10% are in the

highest income group of $250,000 or more. It is found

that 44.4% reside in households with three or more indi-

viduals and 38% reside in two-person households.

About 71% reside in stand-alone homes, and a similar

percentage (74.1%) own the home in which they live.

Only about 4% of the sample live in households with no

vehicles; 43.3% reside in households with two vehicles.

Overall, the sample exhibits socio-economic and demo-

graphic attribute distributions that are consistent with

expectations (for a worker subsample) and appropriate

for behavioral modeling.

Endogenous Variables and Attitudinal Factors

The endogenous variable of interest in this study is com-

mute mode choice. This information was gathered in

slightly different ways in each wave, but there is enough

consistency in the question wording and response pattern

to provide confidence that the response distributions are

comparable over time. The commute mode response

Table 1. Sample Socio-Economic and Demographic Characteristics

Individual characteristics (N = 930) Household characteristics (N = 930)

Variable % Variable %

Gender Household annual income
Female 58.9 Less than $25,000 5.2
Male 41.1 $25,000 to $49,999 15.2

Age category $50,000 to $99,999 37.7
18–30 years 8.3 $100,000 to $149,999 22.5
31–40 years 20.8 $150,000 to $249,999 9.2
41–50 years 21.4 $250,000 or more 10.2
51–60 years 27.4 Household size
61–70 years 18.2 One 17.6
71+ years 4.0 Two 38.0

Employment status Three or more 44.4
A worker (part-time or full-time) 93.7 Housing unit type
Both a worker and a student 6.3 Stand-alone home 70.9

Education attainment Condo/apartment 17.8
Completed high school or less 7.2 Other 11.3
Some college or technical school 23.0 Home ownership
Bachelor’s degree(s) 38.7 Own 74.1
Completed graduate degree(s) 31.1 Rent 23.2

Race Other 2.7
Asian or Pacific Islander 6.5 Vehicle ownership
Black or African American 6.0 Zero 4.1
Native American 1.2 One 34.7
White or Caucasian 83.7 Two 43.3
Other 2.7 Three or more 17.8

Commute mode before the pandemic (%)
Private vehicle 74.5
Transit 9.0
Work-from-home 12.6
Other 3.9

Commute mode during the pandemic (%)
Private vehicle 49.5
Transit 2.5
Work-from-home 45.4
Other 2.7

Commute mode after (expected) the pandemic (%)
Private vehicle 71.8
Transit 6.7
Work-from-home 17.3
Other 4.2
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options are coded in this study into four key categories:

private vehicle (regardless of occupancy), transit (bus

and rail), work-from-home, and other (including bicycle

and walking). In each instance, respondents were asked

to identify the mode of transportation (including work-

from-home) they used most often to travel to/from work.

For the post-pandemic period, respondents were asked

to identify the mode that they expect to use most fre-

quently to travel to/from work in a post-COVID new

normal. The bottom of Table 1 provides the distribution

of the endogenous mode choice variable at different time

points. The evolution of mode choice over time, shown

as a Sankey diagram in Figure 1, suggests that there is a

fairly high degree of expectation of returning to the pre-

pandemic state in a post-COVID future, although some

behavioral changes that happened during COVID are

likely to persist.

The COVID Future Survey includes a rich set of atti-

tudinal statements designed to elicit information about

attitudes, perceptions, preferences, and values. As mode

choice may be influenced by such variables, latent attitu-

dinal constructs were developed using a confirmatory

factor analysis. In particular, based on prior research and

the desire to reflect the influence of personality traits on

mode choice, two latent attitudinal constructs were speci-

fied and estimated: environmental friendliness and social

interaction propensity. Each of these latent attitudinal

constructs is defined by three attitudinal statements in

the survey. Figure 2 presents information about the atti-

tudinal statements comprising each latent factor and

their distributions. The environmental friendliness con-

struct is defined by the degree to which individuals are

worried about the environment and are interested in an

environmentally friendly lifestyle. The social interaction

propensity is defined by indicators that capture the extent

to which individuals enjoy interactions at the workplace,

like seeing and being around people, and like to be out-

side. It is hypothesized that individuals who are more

environmentally friendly and interested in social

interactions would be more likely to choose shared

modes of transportation such as public transit. A confir-

matory factor analysis employing principal component

analysis with varimax rotation was conducted to develop

the factors and compute factor scores for each observa-

tion in the sample. In the interest of brevity, detailed

results of the factor analysis are not furnished here.

Model Framework and Methodology

This section offers an overview of the model framework

and methodology. The data format and model structure

are presented first, followed by a brief overview of the

modeling methodology.

Data Format and Model Structure

The objective of this study is to model the evolution of

mode use over time with a specific interest in the transi-

tions experienced by transit. Thus, the aim of the model-

ing exercise is to compute the COVID effect—that is, the

impact of COVID on mode use—and to determine the

extent to which mode use will return to pre-pandemic lev-

els/patterns once the pandemic has faded.

Because of the panel nature of the data set and the

desire to compute COVID effects and post-COVID

recovery, the data set needs to be stacked in a specific

way to reflect three different time points (before, during,

and after COVID). The stacked data set has

930 3 3=2,790 records, with three rows for each indi-

vidual. The three rows correspond to the three time peri-

ods and include information about socio-economic and

demographic attributes, attitudinal constructs, and mode

choice. While the socio-economic, demographic, and

attitudinal variables are assumed to be static across the

three time periods, the mode choice variable is specific to

the time period and may vary for the same individual

across time periods. The data set includes a binary wave

indicator for each time period, thus signifying whether a

particular observation for an individual corresponds to

the pre-, during-, or post-pandemic period. Finally, there

are a series of columns in the stacked data set represent-

ing interaction effects between exogenous variables and

time period (wave) indicators. By configuring the data

set in this fashion, it is possible to distinguish between

three possible effects: baseline exogenous variable effect

(no period effect); a pure period effect (no exogenous

variable effect); and an interaction effect, which may be

viewed as a combined exogenous variable and period

effect. It is possible to have multiple significant effects

shaping the evolution of commute mode over time; by

taking an algebraic sum of multiple effects, the net

COVID effect can be computed. These effects will be dis-

cussed and presented in greater detail in the context of

Figure 1. Evolution of commute mode choice (N= 930).
Note: W1 = first wave of survey; WFH = work-from-home.
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the presentation of model estimation results. A simplified

version of the model structure is shown in Figure 3.

Modeling Methodology

The endogenous variable in this study is a multinomial

mode choice variable with four alternatives. As such,

there is only one dependent variable. The modeling meth-

odology employed in this paper is a special case of a

panel multinomial probit model with four alternative

mode choices, collected for three time periods, namely,

before, during, and after (expected) COVID. The model

formulation is somewhat complex (even in the context of

a single endogenous choice variable) primarily because of

the three-wave panel nature of the data set. The econo-

metric formulation is rather mathematically notation-

intensive and it would be impossible to render justice to

the formulation within a brief write-up. As the model for-

mulation is not necessarily of central importance for

interpreting the model estimation results presented in the

next section, the write-up of the formulation has been

included in the Appendix for the interested reader.

Model Estimation Results

This section presents a detailed discussion of the panel

multinomial probit model estimation results. The model

is estimated in a computationally efficient manner using

analytical approximations proposed by Bhat (15). Table

2 presents the estimation results together with goodness-

of-fit statistics. The ‘‘other’’ mode category is treated as

the base, with utility equations for private vehicle, transit,

and work-from-home depicted in the table. The three

time periods are denoted as pre-COVID, during-COVID,

and post-COVID to provide clarity in interpretation.

The estimation results show that there are significant

period effects even after controlling for a host of socio-

economic, demographic, and attitudinal variables. The

during-COVID indicator (effect) is negative for private

vehicle and transit and positive for work-from-home.

This is consistent with expectations in that, at the height

of the pandemic, offices closed and everybody who could

work from home was asked to do so. This greatly

reduced the use of private vehicle mode for commuting

to work. It also resulted in a reduction in transit usage,

although lower transit patronage may have also stemmed

from fear of contagion (6). What is interesting to note is

Figure 2. Distribution of attitudinal indicators of latent factors (N= 930).

Figure 3. Model structure and framework.
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that the post-COVID effect is statistically insignificant,

suggesting that the post-COVID era will be marked by a

recovery of private vehicle and transit mode use (at least

for this panel sample) to levels that are somewhat close

to those seen in the pre-pandemic era. However, work-

from-home will persist; the positive coefficient is margin-

ally significant for the post-COVID effect.

Latent constructs play a significant role in shaping

mode choice. Environmental friendliness is associated

with a lower propensity to use a private vehicle, a finding

that is also reported in prior literature (16, 17). The social

interaction propensity factor is associated with a signifi-

cant negative effect on work-from-home; indeed, those

who enjoy social interactions are less likely to embrace a

work-from-home modality in the post-pandemic period.

Environmental friendliness affects mode choice differen-

tially across periods. In the pre-COVID and post-

COVID periods, it has a negative effect on work-from-

Table 2. Estimation Results for Commute Mode Choice and Time Period Effects

Explanatory variables (base category)

Commute mode choice (base: other)

Private vehicle Transit Work-from-home

Coef. t-Stat. Coef. t-Stat. Coef. t-Stat.

Wave effect (Pre-COVID)
During-COVID 20.28 21.45 20.50 21.58 0.96 3.30
Post-COVID 20.05 20.77 20.09 20.84 0.35 1.63

Latent constructs
Environmental friendliness 20.48 26.42 na na na na
Environmental friendliness: Pre-COVID na na na na 20.20 21.93
Environmental friendliness: During-COVID 0.17 1.98 na na na na
Environmental friendliness: Post-COVID na na na na 20.29 23.37
Social interaction propensity na na na na 20.14 22.67

Age (*)
18–40 years: During-COVID 20.25 22.22 na na na na
71 years or older 0.53 2.42 na na na na

Race (*)
Black 0.83 2.99 1.28 3.69 0.58 2.17
Asian or Pacific Islander 20.25 21.37 na na 20.63 22.77
Asian or Pacific Islander: During-COVID na na na na 0.65 2.68

Hispanic ethnicity (not Hispanic)
Hispanic 0.37 2.34 0.61 2.89 na na

Education (less than Bachelor’s degree)
Bachelor’s or graduate degree na na 0.43 2.06 na na

Health status (not immunocompromised)
Immunocompromised: During-COVID na na 20.10 21.13 na na

Vehicles available in household (*)
0 22.67 27.86 na na 20.59 22.82
1 20.32 23.35 na na na na

Household annual income (*)
Less than $25,000 na na na na 20.67 24.01
$200,000 or more: Pre-COVID 20.38 22.53 na na na na

Home type (not an apartment or condo)
Apartment or condo 20.28 21.86 na na na na

Population density (high population density area)
Low population density area (\ 2,900 persons/square mile) na na 20.76 24.76 na na

Commute distance (less than 40 mi)
40 miles or more na na 0.57 1.64 na na

Constant 1.76 13.27 20.22 20.83 0.32 1.34
Data fit measures Proposed model Model without correlation

and panel effects
Log-likelihood at convergence 21,777.43 22,075.90
Log-likelihood at constants 23,867.76
Number of parameters 53 35
Likelihood ratio test 0.540 0.463
Average probability of correct prediction 0.286 0.227

Note: Coef.= coefficient; na = not applicable.
*Base category is all other complementary categories for the correspondent variable.

Magassy et al 7



home; and in the during-COVID period, it has a positive

effect on private vehicle use. In the pre-COVID and

post-COVID periods, respondents are more likely to

work in the office (because of their job responsibilities),

while in the during-COVID period they are more prone

to telecommuting (because their job allows them to do

so) or using private vehicle as the commute mode (to

minimize the risk of contagion).

All other socio-economic and demographic attributes

present indications that are consistent with expectations.

Younger individuals in the 18 to 40year age group were

less likely to use a private vehicle during COVID, relative

to other age groups—presumably because they are com-

fortable using technological tools to work from home (18),

as well as comfortable riding transit because they are not

as vulnerable as the older individuals to the threat of the

virus. This implies that individuals over 40 years old were

more likely to commute by private vehicles during the pan-

demic (when compared with the younger demographic).

Older adults (71 years or older) depict a pure exogenous

variable effect in that they are more prone to commuting

by private vehicle at all times. No significant COVID-

period effect was associated with age; however, the vari-

able representing immunocompromised health conditions

did depict a COVID-period effect. As older individuals are

likely to be more health compromised, this health-related

period effect essentially captures any age-related period

effect that may exist. When compared with other races, it

is found that Blacks are more prone to using private vehi-

cles, transit, and work-from-home option (relative to the

‘‘other’’ mode). Land use characteristics and type of occu-

pation play a key role in determining commute mode and

modality. The literature suggests Black neighborhoods

tend to have lower levels of accessibility, income, and job

density (19, 20). Such land use characteristics are often

associated with a lower level of active travel among Blacks

(21). Lower wage service jobs may not have the same level

of schedule and work-from-home flexibility that other jobs

may offer. Asians or Pacific Islanders are less likely, in

general, to use the private vehicle as a commute mode or

to work from home (when compared with other races).

However, during the pandemic, they exhibited a greater

propensity to work from home relative to other race cate-

gories. Similar results are observed in the American Time

Use Survey (ATUS) data, which show that Asians were

more likely to work from home in 2020 than other race

groups (22). Hispanics exhibit a greater proclivity toward

using the private vehicle and transit modes (pure exogen-

ous variable effect, with no period effect). These findings

provide critical information about differences among racial

groups and help in identifying strategies and interventions

that can advance equity.

Those with a higher education level (Bachelor’s or

graduate degree) are found to exhibit a greater proclivity

toward using transit; this group of individuals tends to be

white collar suburb-to-central city commuters who use

premium transit services. The coefficient simply reflects

the pure exogenous variable effect. Health status is not

found to be statistically significant; however, the negative

coefficient on transit use is retained because of behavioral

intuitiveness. Those who are immunocompromised are

less likely to use a shared mode of transportation such as

transit for fear of contracting the virus. The statistical

significance of the coefficient may have been adversely

affected by the rather modest sample size (less than 1,000

observations) in the context of estimating a panel multi-

nomial probit model with three periods and four alterna-

tives. Zero vehicle availability is associated with a lower

propensity to use a private vehicle or to work remotely;

these individuals tend to be lower income frontline work-

ers who rely on transit for their commute (23). Indeed, it is

found that lower income individuals are less likely to work

from home, presumably because their jobs are not amen-

able to remote work (8, 24). It is found that some individu-

als residing in zero-vehicle households reported commuting

by private vehicles during all time periods. This is not all

that unexpected or unusual in the United States, as these

individuals may be ridesharing or using an employer-

provided vehicle. Similar patterns are seen in the 2017

National Household Travel Survey data, in which about

13% of respondents living in carless households reported

commuting by private vehicle (25). An interesting finding

is that those with very high incomes ($200,000 or more)

were less likely to use the private vehicle as a commute

mode in the pre-pandemic period. As noted earlier, these

workers are highly educated individuals who used premium

transit services to commute from suburbs into offices in

city centers. Those residing in apartments are less likely to

commute by private vehicle, possibly because such resi-

dences are located in higher density areas that allow the

use of public transit, walking, and biking (26), while those

residing in areas of low population density are less likely to

be transit users. Those who are farther away from their

workplaces tend to be transit users, a finding also reported

in the literature (27). These are all pure exogenous effects.

The goodness-of-fit measures are shown at the bottom

of Table 2. The likelihood ratio test shows that the pro-

posed model offers a superior goodness-of-fit compared

with the model that ignores correlations and period

effects. The average probability of correct prediction is

also higher for the proposed model. In general, the

model estimation results are consistent with expectations.

Some of the explanatory variables depict pure exogenous

effects; however, a few also depict period effects through

period-specific interaction terms. An examination of the

error correlation matrix (not presented in the interest of

brevity) shows that there are several significant error cor-

relations for specific pairs of choices across time periods.
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These significant error correlations confirm the appropri-

ateness of using a panel multinomial probit model meth-

odology because it is capable of explicitly accounting for

the presence of such correlations. It is clear that there

remain correlated unobserved factors that simultane-

ously affect the choice of different modes of transporta-

tion across COVID periods, even after controlling for

attitudes. For example, private vehicle mode choice in

the pre-COVID period has a significant positive correla-

tion with private vehicle mode choice in the during-

COVID and post-COVID periods. In other words, the

unobserved factors that contribute to an individual using

the auto mode for commuting in the pre-pandemic era

also contribute to their choice of auto in the during- and

post-COVID periods. This is consistent with expecta-

tions; an individual who is auto-oriented in the pre-

pandemic era is likely to remain so in the during- and

post-pandemic periods as well.

Computation of Exogenous Variable and

COVID Shift Effects

The goal of this study is to quantify the effects of

COVID on mode shares and to obtain estimates of the

extent to which mode shares may rebound to pre-

COVID levels. The paper is primarily motivated by an

interest in understanding the future of transit in the

United States, given the drop in transit ridership experi-

enced by transit systems across the country. The future

of transit is, of course, intricately tied to the future of

work and therefore the model estimated in this paper

includes work-from-home as an explicit commute choice

alternative. This section presents estimates of commute

mode shares for various socio-economic and demo-

graphic groups in each of the time periods; the estimates

are computed using model estimation results presented

in Table 2 and employing a methodology similar to that

described by Asmussen et al. (28). Essentially, the direc-

tionality and magnitude of effects are determined using

the notion of average treatment effects (ATEs). ATEs

constitute the impacts of a treatment applied to an

upstream (exogenous) variable on the outcomes of

downstream variables that are influenced by the state of

the upstream variables. For computing COVID effects

across exogenous variables in the context of this study,

all individuals in the sample are set to a particular cate-

gory of an exogenous variable and also set to the base

‘‘pre-COVID’’ state. Then, model estimates of Table 2

may be used to compute the joint probability of all possi-

ble multivariate combinations of the outcome variable

(mode choice) at the individual level. The average prob-

ability of each multivariate combination can be com-

puted from the joint probabilities, and subsequent

computation of marginal probabilities for outcomes of

interest may be considered to be magnitude effects corre-

sponding to a specific state of the exogenous variable in

the pre-pandemic period. The process can be repeated

for during-COVID and post-COVID periods, thus

enabling the computation of treatment effects for each

level of every exogenous variable for the three periods of

interest. Predicted mode shares are presented in Table 3.

The computed effects constitute changes in predicted

mode shares for each socio-economic and demographic

subgroup in each of the three time periods. By compar-

ing mode shares across socio-economic and demographic

groups, it is possible to assess exogenous variable effects.

More relevant in the context of this study is a compari-

son across periods, thus enabling the computation of a

true period effect for each socio-economic and demo-

graphic subgroup. Because this paper considers three

time periods, a total of three period (i.e., COVID shift)

effects may be considered: pre-pandemic to during-pan-

demic; pre-pandemic to post-pandemic; and during-

pandemic to post-pandemic. The first constitutes the

COVID shift effect, the second constitutes the rebound

effect (the extent to which the final state of the system

rebounds to the initial state), and the third constitutes

the recovery effect (the extent to which changes that

occurred as a result of a disruption are reversed).

In the interest of brevity, the many computed mode

share values are not discussed here. In general, the com-

puted mode shares and the trends they exhibit are consis-

tent with expectations and furnish valuable insights. A

few highlights are discussed here for illustrative purposes.

Environmentally friendly individuals depict lower levels

of private vehicle mode share and higher levels of transit

and work-from-home share. During COVID, this group

(denoted by ENV 75th percentile in Table 3) decreased

their transit share, but continued to exhibit the highest

level of transit share among all attitudinal segments. In

the post-COVID period, this subgroup of environmen-

tally friendly workers exhibits a greater propensity to

work from home. The transit mode share for this group

decreases from 10.7% to 7.9% (however, the transit

mode share remains highest for this environmentally

friendly subgroup in the post-COVID era as well). All

other mode share trends can be interpreted in a similar

fashion.

A few noteworthy aspects include the higher depen-

dence on transit among minority groups and those resid-

ing in households with no cars. In the pre-pandemic

period, those in the highest income group ($200,000 or

more) show the lowest private vehicle mode share, and

the highest transit and work-from-home shares. In the

post-pandemic period, this same group exhibits the larg-

est increase in private vehicle mode share (when com-

pared with other lower income groups, who show a net

reduction in private vehicle mode share), resulting in
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Table 3. Commute Mode Shares by Time Period (N = 930)

Variable type Exogenous variables

Before-COVID mode share (%) During-COVID mode share (%) After-COVID mode share (%)

PV Transit WFH Other PV Transit WFH Other PV Transit WFH Other

Latent construct ENV 25th percentile 79.7 6.3 11.7 2.4 53.8 2.0 42.1 2.1 76.2 4.3 17.2 2.4
ENV 75th percentile 68.6 10.7 15.1 5.6 42.9 2.7 51.5 3.0 66.6 7.9 19.6 5.9
SIP 25th percentile 73.9 8.6 13.7 3.8 48.0 2.3 47.4 2.3 70.8 6.2 19.0 4.0
SIP 75th percentile 75.9 8.9 11.0 4.2 52.3 2.6 42.3 2.9 73.6 6.6 15.4 4.4

Age (years) 18 to 40 74.3 8.8 12.9 4.1 44.0 2.7 50.4 3.0 71.3 6.4 18.0 4.3
41 to 70 74.3 8.8 12.9 4.1 51.2 2.2 44.2 2.4 71.3 6.4 18.0 4.3
71+ 84.7 5.7 7.3 2.3 65.7 1.5 31.3 1.5 83.2 4.2 10.2 2.4

Race Other 74.6 7.8 13.5 4.2 49.8 2.1 45.4 2.7 71.5 5.5 18.7 4.3
Black 75.2 14.9 9.5 0.4 55.9 5.6 38.2 0.3 74.3 11.8 13.4 0.5
Asian or Pacific Islander 75.2 10.4 7.1 7.3 42.2 2.4 52.1 3.3 74.1 8.0 10.2 7.7

Hispanic No 74.3 8.2 13.2 4.3 48.7 2.1 46.6 2.6 71.3 5.9 18.4 4.5
Yes 77.5 12.5 8.1 1.8 57.8 4.4 36.3 1.5 76.6 9.8 11.5 2.1

Education level \College degree 76.5 5.6 13.2 4.7 50.1 1.3 45.9 2.7 73.1 3.9 18.3 4.7
ø College degree 74.0 9.7 12.5 3.8 49.5 2.8 45.3 2.4 71.3 7.2 17.4 4.0

Respondent is immunocompromised No 76.5 5.6 13.2 4.7 50.1 1.3 45.9 2.7 73.1 3.9 18.3 4.7
Yes 74.0 9.7 12.5 3.8 49.5 2.8 45.3 2.4 71.3 7.2 17.4 4.0

Annual income \ $25,000 81.2 9.2 4.7 4.9 64.2 3.5 27.5 4.8 79.9 7.4 7.2 5.6
$25,000 to $200,000 75.4 8.3 12.7 3.7 49.0 2.3 46.5 2.2 71.4 6.3 18.4 4.0
. $200,000 65.7 11.0 17.8 5.5 49.0 2.3 46.5 2.2 71.4 6.3 18.4 4.0

Vehicles available in household 0 11.9 28.9 25.9 33.3 4.4 9.2 65.9 20.5 9.5 22.5 36.7 31.4
1 72.4 8.8 15.1 3.7 45.6 2.1 50.2 2.0 68.9 6.2 21.0 3.9
2 or more 80.2 6.5 11.0 2.3 55.1 1.6 42.0 1.3 77.7 4.5 15.4 2.4

Live in apartment or condo No 75.3 8.0 13.2 3.5 49.7 2.0 46.3 2.0 72.3 5.7 18.4 3.6
Yes 72.5 10.7 11.0 5.8 49.9 3.2 42.9 4.0 70.3 8.0 15.6 6.1

Population density Low 76.3 5.7 13.1 4.9 50.1 1.2 46.0 2.8 73.1 3.7 18.3 4.9
Medium-to-high 70.1 15.3 11.5 3.1 48.5 4.8 44.4 2.2 68.6 11.7 16.3 3.5

Commute distance \ 40 miles 74.9 8.4 12.7 4.1 49.7 2.3 45.5 2.5 72.0 6.1 17.7 4.2
ø 40 miles 69.9 15.9 11.4 2.7 48.3 5.6 44.0 2.1 68.2 12.6 16.1 3.1

Note: PV = private vehicle; WFH = work-from-home; ENV = environmental friendliness; SIP = social interaction propensity.

1
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post-COVID transit and work-from-home shares that

are identical to those of the $25,000 to $200,000 income

group. The highest income group exhibits the largest

drop in post-COVID transit share and the smallest

increase in work-from-home share (when compared with

pre-COVID numbers). Except for this anomaly, all other

socio-economic and demographic subgroups show the

expected reductions in private vehicle and transit mode

shares (and increases in work-from-home share) during

COVID, and a partial—yet healthy—rebound in com-

mute mode shares in the post-pandemic period. In other

words, transit will recover reasonably well, but not to

the pre-pandemic levels in the foreseeable future. Most

transit mode shares across demographic groups in the

post-COVID period are about 70 to 80% of the values

in the pre-COVID period and double or triple the values

seen at the height of the pandemic.

Study Implications and Conclusions

The COVID-19 pandemic has brought about significant

changes in human activity and mobility choices. Many

have embraced work-from-home, and transit has seen a

substantial reduction in patronage. The question that

concerns many is whether transit will see a recovery in

ridership, and if so, to what extent? This paper aims to

address this question using a novel panel survey data set

collected from a representative sample of individuals

from across the United States. A sample of 930 workers

answered multiple waves of the survey, enabling an

examination of pre-COVID, during-COVID, and post-

COVID commute mode shares. Because the survey expli-

citly asked individuals to state what they intend and

expect to do (in commute mode choice and work modal-

ity) in a post-COVID era, the model developed in this

study is able to explicitly reflect expected post-COVID

conditions (and model results can then be used to predict

commute mode shares in a post-COVID era).

The study involved the estimation of a panel multino-

mial probit model of mode choice to capture both socio-

economic effects and period effects. The multinomial

probit model is capable of accounting for the presence of

unobserved factors that simultaneously affect the utilities

of different modes of transportation. Besides including a

host of socio-economic and demographic explanatory

variables, the model included two latent attitudinal con-

structs representing environmental friendliness and social

interaction propensity. These latent attitudinal con-

structs, formulated using a series of related attitudinal

statements in the data set, significantly influence mode

choice behaviors along expected lines. The model esti-

mates were used to compute treatment effects; through

these computations, the paper offers deep insights into

the variations in mode shares across socio-economic

groups during each of the three different periods and

predictions of trends in mode share evolution over time

for the various market segments. The results are consis-

tent with what is being seen in the real world, in that

COVID had a dramatic effect in reducing commute

shares for all modes of transportation, with a surge in

work-from-home modality.

The findings in the paper suggest that transit will

recover about 70% of its pre-pandemic ridership in the

post-COVID era. Private vehicle mode share will remain

depressed by a few percentage points when compared

with pre-pandemic mode shares. The work-from-home

modality gains share on a consistent basis in the post-

pandemic era, largely at the expense of both private vehi-

cle and transit modes. While the time horizon of these

predictions cannot be stated with certainty, the study

findings suggest that transit patronage is likely to remain

depressed by about 30% for the foreseeable future, in

the absence of substantial changes in service configura-

tions. There is, however, some heterogeneity with respect

to COVID effects on transit use across socio-economic

and demographic groups. The study shows that minority

groups and those living in higher density locales and

apartments are more likely to exhibit higher levels of

transit use recovery in the post-pandemic period. Service

enhancements and changes should be targeted toward

accommodating the mobility needs of these market seg-

ments; such efforts would advance transportation equity

and access to destinations for minority groups.

Individuals residing in very high income households are

found to depict the lowest level of transit share recovery

following the pandemic. Individuals in such an income

bracket are choice riders to begin with, and the pandemic

appears to have had a significant and long lasting impact

on their use of transit. Whether or not it is worth invest-

ing in efforts to bring these choice riders back to transit

remains uncertain, particularly in the absence of deeper

insights into why this market segment is eschewing tran-

sit in favor of the private vehicle in a post-pandemic era.

The results of the study may be used to inform the

design of service attributes and changes that will help

accelerate a transit recovery, as well as obtain a realistic

picture of future transit ridership. This information will

be useful for transit planners and policymakers who are

grappling with high degrees of uncertainty surrounding

the future of transit; they will be able to formulate strate-

gies, funding streams, and service configurations that are

most appropriate for a post-COVID transit reality.
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