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1 INTRODUCTION

1.1 EXECUTIVE SUMMARY

The COVID-19 pandemic has dramatically altered personal mobility choices. During the pan-

demic, there has been a major shift towards work from home (WFH) arrangements [1, 2], and

travel behaviors and patterns have also undergone profound changes. Effective vaccines, new

anti-viralmedications and general population fatigue associatedwith the pandemic have com-

bined to gradually shift larger numbers of people towardmore regular daily routines. It is now

particularly useful tounderstand towhatdegree thebehavioral shifts that occurredduring the

COVID-19 period will continue as COVID-19 restrictions are lifted, and society gradually re-

turns to pre-pandemic activity patterns, or adopts new patterns. We take two approaches to

understand people’s travel behavior changes due to the pandemic disruption: (1) we quantify

the impact of remotework on public transit ridership at the national level; and (2) we examine

the change ofMassachusetts residents’ travel attitudes and behaviors in the fall of 2021 com-

pared to the pre-pandemic situation. We summarize ourmain findings as follows.

Regarding the impact of remote work on transit ridership at the national level, we find that:

• Transit ridership responds strongly to a return to the workplaces, since a 1% increase in

the number of onsite workers increases transit ridership by 1.2%.

• This effect is significant and is trending downwards throughout the recovery period of

the COVID-19 pandemic fromApril 2020 to August 2022.

• This effect is more significant in the major Metropolitan Statistical Areas (MSAs) with

large populations, high percentages of transit commuters, and high percentages of no-

vehicle households.

• Because of remote work, the U.S. national transit ridership will recover to only 73.8%-

81.8% of the pre-pandemic level, leading to an annual loss of at least 1.8 billion transit

trips and $3.0 billion in fare revenue.

• For theBoston-Cambridge-NewtonMSA,we project that the post-pandemic transit rid-

ership will recover to 73.3%-81.0% of its pre-pandemic level. Themost recent pro forma

report fromMBTAfiscal staff isgenerallyconsistentwith thisassessment, projecting fare

4



December 22, 2022

revenues by FY 2028 to be no more than 78% of pre-pandemic levels under a “middle”

(neither best nor worst case) recovery scenario.

In termsofpeople’schangeof travelattitudesandbehaviors inMassachusettsduringtheCOVID-

19 pandemic, we find that:

• Growth in car ownership during thepandemic, associatedwith an increase in the current

use of cars, is connected to a measurable decrease in the use of Public Transportation

(PT), ridehailing and ridesharing services (TNC) and walking. Comparing across modes,

we find that with one additional car owned, the current PT usage frequency is reduced

by 27%on average, which is larger than twice themagnitude of the reduction in TNCus-

age frequency andwalking frequency (15.7%and22.3%, respectively). The change in car

ownership is likely to be higher among individualswhose jobs are healthcare profession-

als, sales, or technicians.

• The number of on-site working days is significantly affected by the change in car owner-

ship, but not by car ownership itself. This result suggests a correlation between people

buying cars during the pandemic and the increase of on-site working days.

• One additional on-site working day is associatedwith a 6.6% of increase in PT usage fre-

quency.

• A lower perceived risk of car use reduces current PT and TNC usage. These results con-

firm that the overall fall in PT and TNC use comparedwith the pre-COVID period is par-

tially attributable to people’s generally low perceived risk of using cars.

• Compared with the pre-COVID period, people have become less sensitive to the travel

time of all three travel modes. As commuting mode choices and journey patterns have

been affected by the pandemic, travel time effects are lessened. Among all the commut-

ingmodes, the travel time effect for auto has decreased themost.

• Transit riders have high sensitivity to the perceived risk of sharing confined spaces with

strangers. Transit riders identify better frequencies and reliability as the most effective

ways to assuage their fears in this respect.

1.2 APPROACHTOTHEWORK

We have approached our work by looking first at national trends that appear to be nation-

ally universal in their impact. We then look more granularly at the MBTA service district to

determine patterns of behavior and journey change that can offer insight into policies or in-

terventions geared toward boosting ridership. Understanding people’s behavior changes and

the underlying factors informing these changes in the post-pandemic period could help public
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transportation operators and policymakers identify factors that could be targeted to encour-

age return to transit.

At a national scale, we examine the effect of remote work on transit ridership using a panel

datasetwith broad spatiotemporal coverage. It accounts for 74%of theU.S. population in 214

U.S. MSAs throughout the period of April 2020 to August 2022.

We identify thecausal effectof the recovery rateofonsiteworkerson thatof transit ridership1,

examine the spatiotemporal heterogeneity of the effect, and project the transit ridership to a

post-pandemic world. In these analyses, we also examine the effects of a variety of covariates

including the transit service recovery rate, themonthly population, the netmigration rate, the

reopening status, the reported COVID cases per capita, and the vaccination rate.

The second prong of our research aims to understand changes in Massachusetts residents’

travel attitudes and behaviors in the fall of 2021 compared to the pre-pandemic situation. As

such, this research develops a comprehensivemodel that captures the simultaneous effects of

risk-taking perceptions, attitudes towardsWFH, the number of in-personwork days, car own-

ership changes and travel behavior. Given that WFH has made a profound impact on travel

demand, we develop a separatemodel to study factors that govern people’sWFH choices and

their satisfactions towardsWFH.

This researchbeganata timewhenthepandemichadaresurgencedue to theprevalenceof the

Omicron variant in the winter of 2021/2022, underscoring the dynamic and volatile nature of

the times. Circumstances have changed since thewaning of Omicron in the early spring 2022,

as vaccines have becomemore targeted, anti-viralmedications (e.g., Paxlovid) have become an

effective standard of care, and the general public have largely moved away from routinemask

wearing and social distancing. A point of adaptation to the reality of a constant virus presence

in our lives appears to have been reached.

We collected survey data about travel choices and attitudes of residents in Greater Boston

area during the fall of 2021, a timewhenCOVID-19 restrictionswere largely lifted and people

were gradually returning to the office. By estimating models of respondents’ travel behavior

during both the pre-pandemic and the fall of 2021, this research aims to understand the im-

pacts ofCOVID-19on travel behavior and attitudes in the fall of 2021. Though a great number

of previous studies have investigated the impacts of thepandemic on travel demandduring the

1Weanalyze thecausaleffectbyconductingfixed-effectanalysisandTwo-StageLeast-Squares (2SLS)analysis.

Thefixed-effectsmodels can control for time- and space-specific variations,while the2SLS regression can further

address the potential problems embedded in the fixed-effect models such as omitted variable bias and reverse

causality.
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pandemic [3, 4, 5], research into travel demand in a period when the COVID-19 restrictions

are lifted is scarce. For those that focused on the post-pandemic travel shifts, most studies col-

lected data on self-reported expectations of travel behavior in the post-pandemic period. This

research is among thevery fewstudies that examine the factors that impact travel choicesdur-

ing the fall of 2021 in a U.S. city using retrospective travel behavior and attitudinal data.
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2 IMPACTSOF REMOTEWORKONU.S. TRANSIT

RIDERSHIP

2.1 INTRODUCTION

Public transit is a critical component of sustainable urban development. It reduces fuel con-

sumption and greenhouse gas emissions [6, 7], facilitates compact development [7, 8], and pro-

vides essential services that connect people to jobs, education, healthcare and other opportu-

nities [9, 10]. Transit provides the affordable access that is essential to an inclusive, equitable

society. However, since the outbreak of the coronavirus pandemic inMarch 2020, transit rid-

ership has decreased tremendously across the United States, retaining only 20% of its pre-

pandemic ridership in April 2020 [11]. With the implementation of reopening plans and the

increase in vaccination rate, transit ridership has slowly recovered, but is nowhere close to

its pre-pandemic level. By September 10, 2022, the national transit ridership was only about

62% of its pre-pandemic level [11]. Although transit agencies have been assisted by the U.S.

Congress’ COVID relief funding sinceMarch2020 [12, 13, 14], theymayexperiencepersistent

financial deficit because of the low ridership, which poses severe challenges to their ability to

deliver transit services that are responsive to people’s journey needs [15, 16, 17]. Moving for-

ward, transit agencies have to attract riders and raise revenues to maintain their operations,

thus facilitating sustainable urban growth by providing a viable alternative to car-centric fuel-

inefficient development.

One key factor that accounts for the significant loss of transit ridership nationally is the mas-

sive shift from onsite to remote work. Remote work is predicted by national surveys to re-

place about 21.3% of full workdays once the pandemic fully settles into endemic status, as op-

posed toonly4.8% in thepre-pandemicenvironment [18]. Remotework is allowed (partiallyor

fully) bymajor technology companies likeApple,Google, andAmazon, someofwhichevenpro-

vide employees the option of permanent remote work [19, 20, 21, 22]. During the peak of the

COVID-19 pandemic, remotework accounted for about 50%of total employment [23, 24, 18],

leading toadecreaseof around62.4million commutinghoursperworkday inSpring2020 [23].

It is widely acknowledged that remoteworkwill exert a deep influence on themobility system
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[25, 16, 15], because of its prevalence and increasing importance in the post-pandemic world.

Yet, it is rather unclear to what extent remote work influenced transit ridership and how this

impact will continue into the future. Recent studies found widespread public intentions of

switching from transit to automobiles [26, 27, 28], raising a grave concern that the transit sys-

temwill permanently loseasignificantportionof its ridership toautomobilesand (amongother

consequences) set back efforts to decarbonize the transport sector [26, 29]. Recent studies

also found a statistical association between remote work and commuting trips [18, 30, 28].

However, these studies are often survey-based, small-scale and non-causal, and fail to pro-

vide quantitative evidence regarding the rebound of transit ridership, thus limiting their val-

ues in research and practice. Many pre-pandemic studies also analyzed the relationship be-

tween remote work and commuting [31, 32, 33]. However, these studies disproportionally fo-

cused on a small number of people who were capable of remote work before the pandemic,

typically those in high-income households and high-skill managerial and professional occupa-

tions [34, 31, 35, 36]. Naive application of these pre-pandemic studies can potentially lead to

systematic biases in the post-pandemic era.

In this study, we examine the causal effect of remote work on transit ridership recovery in

214U.S.Metropolitan Statistical Areas (MSAs) after the outbreak of theCOVID-19 pandemic

through an instrumental variable (IV) approach. We examine how the effect sustained during

the pandemic and how it varied across theMSAs. Based on the estimated effects, we project

transit ridership under two post-pandemic remote working scenarios. The findings provide

insights into the impacts of remotework on transit ridership in theUnited States and enable

transit agencies to identify strategies to stimulate transit ridership recovery.

2.2 RESULTS

Ourkey task is to identify the causal effect of remoteworkon transit ridership. Remotework is

represented by the percentage of onsiteworkers compared to the pre-pandemic level. Transit

ridership recovery ismeasured by the percentage of transit ridership compared to the value in

the samemonth of 2019 for each of the 214MSAs from April 2020 to August 2022. We yield

the followingmajor findings:
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KEY FINDINGS

• Transit ridership responds strongly to Americans’ returns to workplaces, since a

1% increase in the number of onsite workers increases transit ridership by 1.2%.

• This effect is significant and is trending downwards throughout the recovery pe-

riod of the COVID-19 pandemic fromApril 2020 to August 2022.

• This effect is more significant in the major MSAs with large populations, high per-

centages of transit commuters, and high percentages of no-vehicle households.

• Because of remote work, the U.S. national transit ridership will recover to only

73.8%-81.8% of the pre-pandemic level, leading to an annual loss of at least 1.8

billion transit trips and $3.0 billion in fare revenue.

• For theBoston-Cambridge-NewtonMSA,weproject that thepost-pandemic tran-

sit ridership will recover to 73.3%-81.0% of its pre-pandemic level.

2.2.1 EFFECTSOF REMOTEWORKONTRANSIT RIDERSHIP

Descriptive statistics. We find suggestive evidence that remote work negatively influences

transit ridership recovery by observing their visual correlation. Specifically, we plot the trend

of transit ridership recovery rate for the three terciles of the recovery rate of onsite workers

in Figure 2.1a, and plot the recovery rate of transit ridership against that of onsite workers

with sample aggregated to the month-year level (Figure 2.1b). Figure 2.1a clearly shows that

a higher tercile of onsite workers is associated with more transit ridership recovery, indicat-

ing a positive correlation between the two variables. Their positive correlation is consistent

throughout the pandemic recovery stages fromApril 2020 toAugust 2022, as shown in Figure

2.1b. As the pandemic advanced, the two variables tended to increase simultaneously.

Fixed-effects analysis.We formalize our analysis by first estimating a set of fixed-effect mod-

els. By including theMSA andmonth fixed effects, themodels can control theMSA- and time-

specific variations. Besides the fixed effects, we also control other covariates including the

recovery rate of transit services, the log of population, the net migration rate, the reopening

status, the reported COVID cases per capita, and the vaccination rate. We use the monthly

ridership of bus, rail, and transit (bus and rail) as three dependent variables, and the recovery

rate of onsite workers as themain independent variable of interest.
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a b

Figure2.1: Correlationbetweentherecovery ratesof transit ridershipandonsiteworkers. a,

Trends for transit ridership recovery for three terciles of the recovery rates of onsite workers.

TheMSAsaredivided into terciles basedon their average recovery rateof onsiteworkers from

April 2020 to August 2022. b, recovery rates of transit ridership vs. onsite workers: sample at

themonth-year level. Colors are used to differentiate four time periods.
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Table 2.1: Impact of the recovery rate of onsite workers on transit ridership recovery: fixed-

effect and 2SLS results

Transit Bus only Rail only

Fixed-Effect 2SLS Fixed-Effect 2SLS Fixed-Effect 2SLS

(1) (2) (3) (4) (5) (6)

(a) Fixed-effect models and second-stage of 2SLS (dependent variable: transit ridership recovery rate)

Recovery rate of onsite workers 0.424∗∗∗ 1.201∗∗∗ 0.428∗∗∗ 1.219∗∗∗ 0.230∗∗ 0.044

(0.045) (0.270) (0.045) (0.266) (0.103) (0.270)

Reopening status −1.052∗ −1.133∗ −1.043∗ −1.126∗ 0.825 0.863

(0.572) (0.586) (0.576) (0.590) (1.318) (0.586)

Netmigration rate −0.091 −0.070 −0.090 −0.070 −0.379 −0.400∗

(0.223) (0.226) (0.225) (0.228) (1.407) (0.226)

COVID cases per capita −34.083∗∗ 2.544 −31.664∗ 5.604 −93.443∗∗∗ −102.482∗∗∗

(16.736) (19.756) (16.836) (19.741) (33.616) (19.756)

Prop. of fully vaccinated pop. 10.623∗∗∗ 1.874 10.082∗∗∗ 1.170 26.435∗∗∗ 28.508∗∗∗

(1.168) (3.111) (1.176) (3.072) (2.967) (3.111)

Transit service recovery rate 0.378∗∗∗ 0.312∗∗∗ 0.383∗∗∗ 0.315∗∗∗ 0.356∗∗∗ 0.363∗∗∗

(0.022) (0.032) (0.022) (0.032) (0.033) (0.037)

ln (population inmillions) −257.352∗∗∗ −246.361∗∗∗ −265.222∗∗∗ −253.720∗∗∗ 634.830∗∗∗ 621.156∗∗∗

(40.916) (41.004) (41.266) (41.340) (208.810) (212.561)

MSA FE YES YES YES YES YES YES

Month FE YES YES YES YES YES YES

Adjusted R2 0.741 0.694 0.737 0.688 0.848 0.848

First stage F-test 133.32∗∗∗ 137.77∗∗∗ 19.587∗∗∗

Wu–Hausman test 14.68∗∗∗ 15.43∗∗∗ 0.158

(b) First-stage regression of 2SLS (dependent variable: recovery rate of onsite workers)

Percentage of suitable remote workers −0.402∗∗∗ −0.407∗∗∗ −0.336∗∗∗

(0.035) (0.035) (0.076)

Controls YES YES YES

MSA FE YES YES YES

Month FE YES YES YES

Adjusted R2 0.798 0.798 0.810

Observations 5,136 5,136 5,136 5,136 792 792

Note: Robust standard errors are reported in parentheses. All themodels include control variables which are (reopening

status, net migration rate, COVID-19 cases per capita, proportion of fully vaccinated population, transit service recovery

rate, and population), MSA fixed effects andmonth fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Columns (1), (3), and (5) in Table 2.1 report the results from the fixed-effect models, which

echo the graphical findings from Fig. 2.1. Specifically, the fixed-effect results indicate that a

1-percentage-point increase in the recovery rate of onsite workers is associated with a 0.4-

percentage-point increase in that of transit and bus ridership. Notably, the effect on rail1 rid-

ership is much smaller than the other two, as its coefficient is only 0.23 (column 5), which is

only about a half of its coefficient in the estimations of transit andbus ridership (columns1 and

3). This contrast is probably because the public perceives the use of rail as posing a higher risk

of COVID infection.

2SLScausalanalysis. Althoughthefixed-effectsmodelscancontrol for time-andspace-specific

variations, we further adopt the 2SLS regression to address potential problems such as omit-

ted variable bias and reverse causality. We instrument the recovery rate of onsite workers by

the percentage of suitable remote workers2 in the MSAs, which can control for unobserved

variability in the dependent variables. We first investigate the correlation between the per-

centage of suitable remote workers and the recovery rate of onsite workers, because the key

assumption of the 2SLS regression is that the instrumental variable (IV) should significantly

correlate with the treatment variable.

Fig. 2.2 reveals a strongnegativecorrelationbetween thepercentageof suitable remotework-

ers and the recovery rate of onsite workers. We first graph the spatial distributions of the av-

erage recovery rate of onsite workers and the average percentage of suitable remoteworkers

between April 2020 andMarch 2022 (the last month when the IV is available) in Fig. 2.2a and

2.2c. The two figures illustrate a relatively high spatial heterogeneity in the two variables. In

themajorMSAssuchasNewYork-Newark-JerseyCity, LosAngeles-LongBeach-Anaheim, and

Boston-Cambridge-Newton, the recovery rates of onsite workers are particularly low while

the percentages of suitable remoteworkers are high. We then plot the recovery rate of onsite

workers against the percentage of suitable remoteworkers in the unit ofMSAs (Fig. 2.2b) and

month-year (Fig. 2.2d). The two figures suggest that the percentage of suitable remote work-

ers is negatively associatedwith the recovery rateof onsiteworkers in termsofbothMSAsand

month-year. As shown in Figure 2.2d, the recovery rate of onsite workers increased while the

percentage of suitable remote workers declined over time.

Based on the 2SLS results (column 2 in Table 2.1), we find that a 1% increase in the number

of onsiteworkers leads to a 1.2% increase in transit ridership using the pre-pandemic levels as

thebaseline. In comparison, thefixed-effectmodel showsasmallerestimate, i.e., 0.42%as indi-

1including light rail, heavy rail, commuter rail, street car rail and hybrid rail.
2This measure is calculated as the weighted average of the percentage of suitable remote workers across all

industries in each MSA. Data on the percentage of suitable remote workers in each industry is derived from the

2019Occupational Employment Statistics survey conducted by the U.S. Bureau of Labor Statistics.
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cated by column1, which suggests that some confounding variablesmight have influenced the

recovery rates of onsite workers and transit ridership simultaneously. One possibility is that

the transit service often failed tomeet the commuters’ needs during the pandemic [37], and by

omitting the nuanced changes in the level of services, the effect of onsite workers on transit

ridership is underestimated in the fixed-effect models. Notably, the estimate from our fixed-

effect model is quite consistent with a pre-pandemic study which also adopted a fixed-effect

estimation and showed that an additional percentage of remote workers was associated with

a 0.76% reduction in transit ridership in the U.S. between 2012 and 2018 [38]. This result fur-

ther underscores the importance of adopting the 2SLS estimation instead of the fixed-effect

estimation, as the lattermayunderestimate the effect of remotework on transit ridership. Be-

sides themain treatment variable, our estimated effects of the control variables suggest that

transit service recovery (i.e. the percentage change of transit vehicle revenue miles from

the 2019 level) positively contributes to the transit ridership recovery, which is consistent

with previous findings [39, 38], while population negatively correlate with transit ridership

recovery.
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a

c

b

d

Figure 2.2: Correlation between the recovery rate of onsite workers and the percentage of

suitable remote workers. a and c show the spatial distributions of: (a) the average recovery

rate of onsite workers, (c) the average percentage of suitable remote workers. b and d depict

the recovery rateofonsiteworkers v.s. thepercentageof suitable remoteworkerswith sample

aggregated to (b) theMSA level, (d) the month-year level. The end time is March 2022, which

is the last month the IV is available.

We further deconstruct transit ridership to bus and rail ridership, thus analyzing how remote

work influences the twomajor transit sectorsdifferently. As shownbycolumns2and4 inTable

2.1b, the coefficients of the IV in thefirst stage regressions suggest that thepercentageof suit-

able remote workers negatively influences the recovery rate of onsite workers: a 1% increase

in the percentage of suitable remote workers reduces the recovery rate of onsite workers by

0.41%and0.34% in thebus and railmodels. In the second stageof the2SLS regressions, the ef-

fectof the recovery rateofonsiteworkerson ridership in thebus ridershipestimation is similar

to that in the transit ridership estimation, as the effects in these two estimations are both sta-

tistically significant and have similarmagnitudes (1.22 vs. 1.20). But in the rail ridershipmodel

(column 6), we do not observe a significant effect. It could be caused by the small sample size

as only 33MSAs provided rail service throughout the study period. It could also represent the

behavioral difference rooted in the nature ofmost rail travel (often in a crowded subway car in

an underground tunnel).
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After analyzing the average effect, we next extend the analysis in two ways: (i) how the effect

of remotework on transit ridership changed over time, (ii) how the effect varied acrossMSAs.

a b

Figure 2.3: a, Effects of the recovery of onsite workers on transit ridership over time. The

shaded region represents the 90% confidence interval. b, Predicted v.s actual transit ridership

between April 2022 and August 2022. Since the data of the IV is not yet available between

April 2022 and August 2022, we fit the model to the data of the period between April 2020

and March 2022, and use the model to predict transit ridership for the period between April

2022 and August 2022. Red line is the best fit line, and dotted line is the ideal line. Both axes

are shown in logarithmic scale. Figure a shows that the effect of the recovery rate of onsite

workers on that of transit ridership remains significant but generally trends downwards. Fig-

ure b indicates that the effect not only sustained in our study period (i.e. April 2020 - March

2022) but also persisted afterward (i.e. April 2022 - August 2022).

2.2.2 THE EFFECT IS TEMPORALLY PERSISTENT AND SPATIALLY HET-

EROGENEOUS

Figure 2.3a presents the effect of the recovery rate of onsite workers on that of transit rider-

ship in 24months (seeAppendix for details). Wefind that the effect remained significant in the

24 months, and the significant effect also exhibits seasonal variation, as it is slightly larger in

the summers of 2020 and 2021 than in the winter periods. After accounting for the seasonal

effect, themagnitude of the effect generally trends downward, whichmay explain why transit

ridership is sluggish in its return to the pre-pandemic level.

This effect not only sustained in our study period but also persisted afterward. Although we
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estimate the causal effect fromApril 2020 toMarch 2022, we further predict transit ridership

fromApril 2022 toAugust 2022, duringwhich the IV is no longer available. As shown in Figure

2.3b, ourmodel successfully explains 98%of the variation in the logged transit ridership in the

prediction period, demonstrating an outstanding predictive power. Although future impacts

of remotework on transit ridership always have some uncertainty, the persistent effects in es-

timation and the outstanding predictive power in prediction suggest that we may generalize

our findings towards the future.

This effect is spatially heterogeneous. The results in Table 2.2 suggest that the returning of

onsite workers contributesmore to transit ridership recovery for the top tenMSAswith large

populations, high percentages of transit commuters and no-vehicle households. The potential

explanation is that the most populated MSAs tend to have better transit accessibility [40], so

people in thoseMSAs aremore likely to return to work using public transit.
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Table 2.2: Spatial heterogeneity in the effect of the recovery rate of onsite workers on transit

ridership recovery

Dependent variable:

Transit ridership recovery rate

(1) (2) (3)

Recovery rate of onsite workers× 3.229∗∗∗

in the 10most populatedMSAs (0.246)

Recovery rate of onsite workers× 3.068∗∗∗

not in the 10most populatedMSAs (0.219)

Recovery rate of onsite workers× 1.530∗∗∗

in the top 10MSAswith the (0.284)

highest % of transit commuters

Recovery rate of onsite workers× 1.185∗∗∗

not in the top 10MSAswith the (0.270)

highest % of transit commuters

Recovery rate of onsite workers× 1.381∗∗∗

in the top 10MSAswith the (0.282)

highest % of no-vehicle HHs

Recovery rate of onsite workers× 1.185∗∗∗

not in the top 10MSAswith the (0.270)

highest % of no-vehicle HHs

Observations 5,136 5,136 5,136

Adjusted R2 0.717 0.727 0.727

Note: Robust standard errors are reported in parentheses. All themodels include

control variables, MSA fixed effects andmonth fixed effects.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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a

b c

Figure 2.4: Projection of transit ridership under two scenarios of remote work. The level

of transit ridership recovery (compared to the pre-pandemic level) in each MSA in August

2022 (a), and the projected level of transit ridership recovery assuming that for each MSA,

the percentage of onsite workers is 82.7% (b) and 88.2% (c) of thatMSA’s pre-pandemic level.

We find that the post-pandemic transit ridership in most MSAs will recover to around 70%-

90% of their pre-pandemic levels. Averaging the two scenarios and all the MSAs, the US na-

tional transit ridershipwill recover to 73.8%-81.8%of the pre-pandemic level. For theBoston-

Cambridge-NewtonMSA, we find that the transit ridership will recover to 73.3%-81.0% of its

pre-pandemic level.

2.2.3 TRANSITRIDERSHIPINTHEFUTURESCENARIOSOFREMOTEWORK

After identifying how the return of onsite workers influences transit ridership recovery, a nat-

ural follow-up question is what levels transit ridership will reach in the future. To answer this

question, we project transit ridership under two scenarios of remote work (Fig. 2.4). The two

scenarios are informed by two major U.S. national surveys about the future balance of onsite

and remotework, estimated at the ratio of 82.7% and 88.2% for onsitework [18, 41]. Thenwe

project transit ridership using the 2SLS models and the two numbers as the lower and upper

bounds for the ratios of onsite work while fixing other factors constant as in August 2022.

Wefind that the post-pandemic transit ridership in mostMSAswill recover to around 70%-

90% of their pre-pandemic levels, by assuming that the onsite work accounts for 82.7%-

88.2% of the total workdays. Averaging the two scenarios and all theMSAs, the US national

transit ridershipwill recover to73.8%-81.8%of thepre-pandemic level. This rangeof73.8%-

81.8%ishigher thanthecurrent recoveryrateof transit ridership in themajorityof theMSAs
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in August 2022, which accounts for about 50%-70% of the pre-pandemic ridership. How-

ever, this rangeof73.8%-81.8%directly translates toa lossof18.2%-26.2%totalpre-pandemic

ridership, leading to an annual loss of at least 1.8 billion transit trips and $3.0 billion in pas-

senger farerevenuescomparedtothe2019benchmark. FocusingontheBoston-Cambridge-

NewtonMSA, we find that the post-pandemic transit ridership will recover to 73.3%-81.0%

of its pre-pandemic level. This projection is generally consistent with the most recent pro

forma report fromMBTA fiscal staff which project fare revenues by FY 2028 to be no more

than 78% of pre-pandemic levels under a “middle” (neither best nor worst case) recovery

scenario [42].

2.3 DISCUSSION

Public transit has been the backbone of sustainable urban development for decades, particu-

larly in themajormetropolitanareas in theUnitedStates. Although transit ridershiphas slowly

recovered during the COVID pandemic, the full impact of remotework on transit ridership re-

mainsanopenquestion. This studydemonstrates thatAmericans’ returning to their employer-

provided workplace is a significant cause of transit ridership recovery: a 1% increase in the

number of onsite workers leads to a 1.2% increase in transit ridership. This causal effect re-

mained significant from April 2020 to March 2022, but slightly decreased in magnitude over

time. The estimated causal effect could accurately predict transit ridership recovery even af-

ter March 2022. Notably, the magnitude of the 2SLS causal effect is considerably larger than

the fixed-effect and the pre-pandemic results [38], suggesting that previous literature might

have significantly underestimated the effects of remote work. Using national surveys about

the future remote work, we predict that an average of 73.8%-81.8% pre-pandemic transit rid-

ership is likely to recover nationally, consistentwith the range of 70%-90% recovery predicted

by the fare-dependent transit agencies [43, 25]. In the Boston-Cambridge-Newton MSA, an

average of 73.3%-81.0% pre-pandemic transit ridership is likely to recover in the long term,

which aligns with the projected 78% recovery of fare revenue by FY 2028 reported byMBTA

[42]. The causal effect of remote work on transit ridership enables transit authorities, urban

planners, and policymakers to predict transit ridership under various future working scenar-

ios, offeringdirect applications in travel demandmanagement, energyconsumption, andurban

planning.

In fact, our findings present two-sided implications for future public transit. On the one hand,

althoughmany researchers arequite concerned about a potential large-scale travelmode shift

from transit to automobiles [26, 27, 28], transit ridership has significantly recovered because

many people have returned to their workplaces. It will likely keep recovering if and as Ameri-

20 20



December 22, 2022

cans continue to return to on siteworkplaces. Given the explanatory power and robustness of

our findings, it might be a relatively small possibility that the pandemic has induced a substan-

tial and permanent shift from public transit to cars. However, on the other hand, the 13.5%-

24.9% loss in long-term transit ridership is quite significant. Using data from Federal Tran-

sit Administration [44], our finding indicates an annual loss of at least 1.3 billion transit trips

and $2.2 billion in passenger fare revenues. Transit agencies will have to consider new ser-

vice delivery models and new sources of revenue for operating expenses to compensate for

the financial loss of this scale. Since remote work is often associated with home-based flexi-

ble trips, transit agencies might need to invest in providing (directly or in new public/private

partnerships) on-demand services, flexible routing and controls, and serving non-commuting

trips around the residential areas, rather than relying on the traditional fixed route services

for regular commuting as in the pre-pandemic era. Although the best strategy can be identi-

fied only through trial-and-error in practice, it is critical for public transit agencies to foresee

the upcoming challenges posed by remote work and take proactive actions to compensate for

such losses in ridership and revenue.
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3 CHANGE OF TRAVEL ATTITUDES AND BEHAV-

IORS IN MASSACHUSETTS BEFORE AND DUR-

ING THE COVID-19 PANDEMIC

3.1 BACKGROUND

This component of our research is focused on understanding the factors that contributed to

travel behavior of residents of the Commonwealth of Massachusetts. To provide context for

the analysis and results, this section reviews the timeline ofmajor events surrounding the out-

break of the COVID-19 in Massachusetts and the response by the public and private sectors.

ThefirstcaseofCOVID-19 inMassachusettswasconfirmed inearlyFebruary2020 [45]. Acor-

porate gathering at the end of February 2020 in Boston, the largest city inMassachusetts, was

oneof thefirstknownevents to result in significant spreadof thevirus in theUnitedStates [46].

In earlyMarch2020, the viruswas beginning to spreadquickly, leading to sweeping school and

office closures [47]. So-called “non-essential businesses” were ordered to close onMarch 23,

2020 and a stay-at-home order was issued by the Governor [48].

A reopening plan was gradually implemented throughout the summer of 2020 [49], but an in-

crease in COVID-19 cases in the fall of 2020 resulted in a tightening of some restrictions on

businesses and gatherings [50]. The availability of vaccines in the spring of 2021 and relatively

high vaccination rates in Massachusetts led to a gradual return of many pre-pandemic activi-

ties in the summer and fall of 2021. Restrictions on dining, masks and indoor gatherings were

lifted [51]. All major universities and public schools resumed full time in-person teaching in

September 2021 [52]. Commercial districts were seeing employers return to in-office work

[53], and public transit ridership in Boston continued to recover [54]. This research focuses on

the fall of 2021 as the study period.

3.2 SURVEY STRUCTUREANDDISTRIBUTION

This researchusesanonlinesurvey tocollectdataaboutperceptions towardswork fromhome,

their travel behavior and preferences, as well as their car ownership. The participant recruit-
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ment, distribution platform and survey design are described in the subsections that follow.

3.2.1 PARTICIPANTS

The survey was designed as a 15-minutes online survey with the Qualtrics platform. The sur-

vey was distributed fromOctober 25 to November 8, 2021 andDecember 8, 2021 to Decem-

ber 18, 2021 through Qualtrics, Prolific and MTurk recruitment panels. Data collection was

paused fromNovember 8, 2021 toDecember 8, 2021 to avoid the Thanksgiving holiday, when

many Americans are on holiday.

Thesurveywasdistributed in the fall of2021, duringwhichrestrictionsondining,masksand in-

door gatheringswere lifted and commercial districtswere seeing employers return to in-office

work as mentioned above. Therefore, analyzing travel behavior and preferences during this

period can provide insights into the long-term travel impacts of COVID-19.

In the end, a total of 498 responses were collected from across Massachusetts. We selected

participants whose home locations in the fall of 2021 are in the Greater Boston area, which

leaves us a total of 436 samples. The representativeness of the samplewas achieved through a

sampling frame based on gender and race. The descriptive statistics of the sample are summa-

rized in Appendix Tables A1 andA2. Figure 3.1 shows the approximate residential locations of

the survey participants in the fall of 2021.

3.2.2 QUESTIONNAIRE

The survey includes questions related to respondents’ work status and travel patterns (for the

pre-pandemic and the fall of 2021), their attitude towardsWFH, and their socio-demographic

information as presented in Appendix Tables A1 and A2.

This research aims to model travel patterns in both the pre-pandemic period and the fall of

2021 along two related dimensions: the frequency of use for different travel modes and com-

muting mode choices. For the former, we measure the travel mode usage frequencies with

the question “[Currently/Before COVID], on average, how frequently do you use each of the

following travel modes?” For the commuting mode choice prediction, we study the choice of

primary travel mode for commuting to work/school among four categories of alternatives: 1)

auto (including car driver, car passenger and taxi or ride hailing); 2) public transport (including

bus, subway and commuter rail); 3) activemodes (including walking and biking); 4)WFH.

Tocapturethetrip-specificattributes thathelppredictcommutingmodechoices,we integrated

a Google Maps interactive module into the survey. We asked the respondents to indicate the
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Figure 3.1: Map of the Greater Boston area showing the approximate residential locations of

survey participants in the fall of 2021

start and end locations of a typical commuting trip on themap, based onwhich a GoogleMaps

API call yields the distance and travel time by different transportmodes. Figure 3.2 shows the

online interface which asks the respondents to mark the origin and destination of their typi-

cal commuting trips in the pre-pandemic and the fall of 2021. For those who choseWFH, we

asked them to indicate the origin and destination of a typical commuting trip once theCOVID-

19 ceases to be a pandemic, which enabled us to calculate their travel time for other alterna-

tives (i.e. active, auto and transit).

To understand how attitudes towardsworking fromhome affectWFHbehavior and travel be-

havior, we asked the respondents to evaluate WFH in comparison with in-person work using

5-point Likert style statements. In addition to asking the respondents to indicate their general

satisfaction at work during WFH compared with in-person work, we also measured their at-

titudes towardsWFH along several dimensions such as work productivity, creativity at work,

work environment and work-life balance. Job requirements are also expected to affect WFH

behavior, therefore three relatedquestionswere included in the survey: total numberofwork-

ing days, whether the job must be conducted at a work site, and whether the employer reim-

burses the individual for any portion ofWFH costs.

One important factor that might affect usage of different travel modes is the perceived risk of
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(a)Pre-pandemic period (b)Fall 2021

Figure 3.2: The online interface of the Google Maps survey tool used to collect the origin and

destination of respondents’ typical commuting trips

becoming infected with COVID-19 at the time the survey was conducted. In light of this, we

used a 5-point Likert scale question to measure perceived risk of catching the virus for each

travelmode, and incorporated this question into themodel estimations for the usage frequen-

cies of different travel modes and perceptions towardsWFH.

3.3 MAIN FINDINGS

In this section, we first present the distributions of the changes in key variables between the

pre-pandemic period and the fall of 2021. Then the modeling results are presented for both

the SEMmodels and the commutingmode discrete choicemodels.

3.3.1 DESCRIPTIVE OVERVIEW OF TRAVEL PATTERNS ANDWFH PER-

CEPTIONS

COMMUTINGMODE

Figure 3.3 presents the distributions of primary commuting mode in the pre-pandemic period

andthe fallof2021. Mostnotably, thepercentageof respondentsnotcommutingtowork/school

(i.e. full-timeWFH) has increased from 3.6% to 14.1%. On the contrary, we see a decline in all

other travel modes as the reported primary commuting mode except for biking. This trend in-

dicates thatWFH has remained popular in a significant way, even in the fall of 2021.
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CAROWNERSHIP

Examining thechange in carownership in the fall of 2021comparedwith thepre-pandemic,we

find that thepercentages of respondents owning0and2 cars have slightly decreased,whereas

the percentages of respondents owning 1 car and 3 or more cars have increased. Overall, the

average number of cars owned in the fall of 2021 has slightly increased compared to the pre-

pandemic time. However, it isworthhighlighting thatbasedon theHighwayStatisticspublished

bytheFederalHighwayAdministration (FHWA), thenumberofautomobiles registered inMas-

sachusetts had actually beendeclining from2016 to2020 [55, 56, 57, 58, 59]. Therewere2.00

million registered vehicles in 2020 [59], which is 4.1% less than 2019 (2.09 million vehicles)

[58]. This reduction in the number of registered automobilesmay not be due to lower demand,

but rather because vehicle production has been impacted by COVID outbreaks [60].

Figure 3.3: Distributions of primary commutingmode (pre-pandemic & Fall 2021)

Figure 3.4: Distributions of car ownership (pre-pandemic & Fall 2021)
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TRAVELMODEUSAGE FREQUENCY

Next, we focus on how frequency of use for the car, PT, TNC andwalkingmodes have changed

in the fall of 2021 and report the results in Figure 3.5. The usage frequencies varied substan-

tially across different modes. For car usage, it was found that about 50% of the respondents

use cars daily (for both the pre-pandemic period and the fall of 2021). Comparedwith the pre-

pandemic period, the percentage of people that use cars on a daily basis is lower in the fall of

2021. More people use cars once or week or several times a week, but the percentage of peo-

ple that never use cars has increased slightly.

PTandTNCshowsimilar patterns, as theusage frequencies for these twomodeshavebothde-

creased. Fewerpeople take thesemodesdaily or several timesperweek,whereasmorepeople

rarely or never take these two modes in the fall of 2021. With regard to walking, the change

in usage frequency is relatively small. There has been a slight decrease in the percentage of

respondents who never use walking as a travel mode and a slight growth in the percentage of

respondent who rarely use walking as a travel mode comparedwith the pre-pandemic period.

RISK PERCEPTIONS TOWARDSVARIOUS TRAVELMODES

With respect to the perceived risk of becoming infected with COVID-19while using different

travelmodes, the results in Figure 3.6 show that the perceived risks associatedwith using cars

and walking are very low, as the majority of the respondents consider it to be extremely un-

likely to contract COVID-19 when driving or walking. The risk perception towards using TNC

is somewhat neutral, as there were nearly the same percentage of respondents who think it

is likely/extremely likely to contract the virus as the percentage of those who think it is un-

likely/extremely unlikely to contract the virus. However, the overall perceived risk towards

using different transit modes (i.e. bus, subway and commuter rail) are notably higher, as more

people think it is likely/extremely likely to contract the virus than thosewho think the opposite

when using the transit modes.
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(a)Car

(b)PT

(c)TNC

(d)Walking

Figure 3.5: Usage frequencies for different travel modes
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Figure 3.6: Perceived risk of becoming infected with COVID-19 while using various travel

modes

PERCEPTIONS TOWARDSWFH

Lastly, we report the respondents’ satisfaction with different aspects of WFH in comparison

to in-person work in Figure 3.7. It was found that the respondents preferred remote work-

ing with regards to “creativity at work”, “quality of the work environment” and “work-life bal-

ance”, but ratedWFH lower for “collaboration with the colleagues” and “feeling connected to

colleagues”. In general, the respondents were more satisfied with WFH than in-person work.

With this descriptive analysis, we are curious as to how satisfaction towards different aspects

ofWFHcontribute togeneral satisfactionwithWFH,which isassessed in the followingsection.

Figure 3.7: Evaluation of remote working in comparison to in-personwork

3.3.2 TRAVELMODEUSAGE PREDICTION

Tounderstand how theCOVID-19pandemic has impacted people’s travel behaviors, we adopt

the structural equation modeling technique to predict people’s usage frequencies of different

travel modes. The results for the usage frequencies prediction are reported in Appendix Table

3.1 (for public transit and car) and Table 3.2 (for TNC and walking), whereas the results for
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predicting change in car ownership is reported in Appendix Table 3.3. We put the coefficients

of the key variables in Figure 3.8. In the following explanations of the results, we use theword

“current” to refer to the fall of 2021 (i.e. the period when the survey was distributed).

Table 3.1: SEMprediction results: public transit and car usage frequencies predictions

Regression Coefficient R2 Regression Coefficient R2

PT usage frequency (pre-pandemic) 0.151 Car usage frequency (pre-pandemic) 0.212

(Intercept) 1.981 (0.222)*** (Intercept) 1.445 (0.192)***

Car ownership (pre-pandemic) -0.327 (0.081)*** Car ownership (pre-pandemic) 0.523 (0.070)***

Age -0.223 (0.069)*** Age –

Income – Income –

Education level – Education level –

Household size 0.131 (0.069)* Household size -0.116 (0.060)*

Female – Female –

Ethnicity: black or African American – Ethnicity: black or African American –

Job: Community and personal services – Job: Community and personal services 0.673 (0.317)**

Job: Healthcare – Job: Healthcare –

Job: Labourers – Job: Labourers 0.403 (0.206)*

Job: Managers 0.798 (0.350)** Job: Managers –

Job: Professionals 0.327 (0.199)* Job: Professionals –

Job: Sales – Job: Sales –

Job: Student – Job: Student -0.620 (0.234)***

Job: Technicians – Job: Technicians –

Distance to CBD (pre-pandemic) -0.012 (0.003)*** Distance to CBD (pre-pandemic) 0.009 (0.003)***

PT usage frequency (fall 2021) 0.474 Car usage frequency (fall 2021) 0.531

(Intercept) 0.357 (0.196)* (Intercept) 0.812 (0.189)***

PT usage frequency (pre-pandemic) 0.554 (0.035)*** Car usage frequency (pre-pandemic) 0.626 (0.036)***

Change in car ownership -0.270 (0.101)*** Change in car ownership 0.529 (0.094)***

Risk perception: car 0.124 (0.044)*** Risk perception: car –

Risk perception: TNC – Risk perception: TNC –

Risk perception: PT – Risk perception: PT –

Risk perception: walking – Risk perception: walking –

On-site working days 0.066 (0.021)*** On-site working days –

Age – Age –

Income – Income –

Education level -0.109 (0.053)** Education level –

Household size – Household size 0.087 (0.043)**

Female – Female –

Ethnicity: black or African American – Ethnicity: black or African American –

Job: Community and personal services 0.483 (0.269)* Job: Community and personal services –

Job: Healthcare – Job: Healthcare –

Job: Labourers – Job: Labourers –

Job: Managers – Job: Managers –

Job: Professionals – Job: Professionals –

Job: Sales – Job: Sales –

Job: Student – Job: Student -0.670 (0.186)***

Job: Technicians – Job: Technicians 0.308 (0.168)*

Distance to CBD (fall 2021) -0.010 (0.002)*** Distance to CBD (fall 2021) 0.006 (0.002)***

Note: Standard errors are reported in parentheses. Dependent variables are denoted in bold. Log-transformation ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

has been adopted to the usage frequency variables for all themodes. “Risk perception: PT” is computed as the

average risk perception towards bus, subway and commuter rail. Only the significant coefficients are reported.
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Table 3.2: SEMprediction results: TNC usage andwalk frequencies predictions

Regression Coefficient R2 Regression Coefficient R2

TNC usage frequency (pre-pandemic) 0.173 Walk frequency (pre-pandemic) 0.106

(Intercept) 1.382 (0.163)*** (Intercept) 2.601 (0.229)***

Car ownership (pre-pandemic) -0.192 (0.060)*** Car ownership (pre-pandemic) -0.313 (0.084)***

Age -0.229 (0.050)*** Age –

Income – Income –

Education level – Education level –

Household size – Household size –

Female 0.165 (0.094)* Female –

Ethnicity: black or African American 0.286 (0.108)*** Ethnicity: black or African American -0.267 (0.151)*

Job: Community and personal services – Job: Community and personal services -0.942 (0.378)**

Job: Healthcare – Job: Healthcare –

Job: Labourers – Job: Labourers -0.489 (0.246)**

Job: Managers – Job: Managers -0.593 (0.360)*

Job: Professionals – Job: Professionals –

Job: Sales – Job: Sales –

Job: Student -0.574 (0.199)*** Job: Student –

Job: Technicians – Job: Technicians –

Distance to CBD (pre-pandemic) -0.007 (0.002)*** Distance to CBD (pre-pandemic) -0.008 (0.004)**

TNC usage frequency (fall 2021) 0.521 Walk frequency (fall 2021) 0.617

(Intercept) – (Intercept) 0.551 (0.182)***

TNC usage frequency (pre-pandemic) 0.589 (0.034)*** Walk frequency (pre-pandemic) 0.709 (0.031)***

Change in car ownership -0.157 (0.071)** Change in car ownership -0.224 (0.091)**

Risk perception: car 0.142 (0.031)*** Risk perception: car –

Risk perception: TNC – Risk perception: TNC –

Risk perception: PT – Risk perception: PT –

Risk perception: walking – Risk perception: walking -0.111 (0.045)**

On-site working days – On-site working days –

Age – Age –

Income – Income –

Education level – Education level -0.131 (0.048)***

Household size -0.057 (0.033)* Household size –

Female -0.115 (0.067)* Female –

Ethnicity: black or African American – Ethnicity: black or African American -0.213 (0.101)**

Job: Community and personal services – Job: Community and personal services –

Job: Healthcare – Job: Healthcare –

Job: Labourers – Job: Labourers –

Job: Managers 0.511 (0.181)*** Job: Managers –

Job: Professionals – Job: Professionals –

Job: Sales – Job: Sales –

Job: Student – Job: Student 0.576 (0.181)***

Job: Technicians – Job: Technicians –

Distance to CBD (fall 2021) -0.003 (0.002)* Distance to CBD (fall 2021) -0.006 (0.002)***

Note: Standard errors are reported in parentheses. Dependent variables are denoted in bold. Log-transformation ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

has been adopted to the usage frequency variables for all themodes. “Risk perception: PT” is computed as the

average risk perception towards bus, subway and commuter rail. Only the significant coefficients are reported.
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TRAVELMODE FREQUENCYPREDICTION

First,wefindthatunsurprisingly, thepre-COVIDusage frequencyofa travelmode is thestrongest

predictor for the current usage frequency of that travel mode. However, there is still a great

variation across the four travel modes. The correlation between the pre-COVID usage fre-

quency and the current usage frequency is relatively strong for walking and car (coeff = 0.709

and0.626respectively, p<0.01), and is relativelyweak forPTandTNC(coeff=0.554and0.589

respectively, p<0.01). Specifically, a 1% increase in pre-COVIDwalking frequency can explain

0.709% of the increase of the current walking frequency, whereas 1% increase of pre-COVID

PTusage frequency canonly explain0.554%of the increaseof the currentPTusage frequency.

This result reflects the sluggishnessofPTandTNCridership in their rebound, recoveringmuch

more slowly than car usage.

We find that change in car ownership has a strong influence on the current usage frequencies

of all travel modes. Growth in car ownership is associated with an increase in the current use

of cars, and a decrease in the current use of PT, TNC and walking. Comparing across different

modes, we find thatwith one additional car owned, the current PT usage frequency is reduced

by 27% on average, which is larger than twice the magnitude of the reduction in TNC usage

frequency andwalking frequency (15.7% and 22.3%, respectively).

The results also show a significant effect of the number of on-site working days on the cur-

rent usage frequency of PT. Specifically, one additional on-site working day is associated with

a 6.6%of increase in PT usage frequency. However, this effect is tiny comparedwith the effect

of change in car ownership on PT usage, which indicates that, while there have been proposals

for transit agencies to partner with employers and local businesses to plan for a widespread

return to the office, the consequent magnitude of the effect may be marginal compared with

the effect of people buying new cars during the pandemic.

In terms of the influence of COVID infection risk on travel modes use, the results show that a

lower perceived risk of car reduces current PT and TNC usage. These results confirm that the

overall fall in PT and TNCuse comparedwith the pre-COVIDperiod is partially attributable to

people’s generally low perceived risk of using cars.

CHANGE IN CAROWNERSHIP PREDICTION

As shown in Table 3.3, the change in car ownership is likely to be higher among individuals

whose jobs are healthcare (coeff = 0.263, p<0.01), professionals (coeff = 0.220, p<0.01), sales

(coeff=0.201, p<0.05)or technicians (coeff=0.216, p<0.01). Theassociationbetweenhealth-

care and change in car ownership is the strongest among all the job categories. Healthcare
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Note: green indicates positive coefficients, whereas red indicates negative coefficients.

Figure 3.8: Travel mode frequency prediction result
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workers were considered “essential workers” during the pandemic, as their duties needed to

be conducted on-site, and thus were at high risk for exposure to COVID-19. It is possible that

healthcare workers became car-dependent during the pandemic due to PT service cuts and

limitedTNCavailability. In termsof the spatial variation,wefind that individuals living far from

CBD are more likely to have increased their car ownership. We find no significant correlation

between risk perceptions towards various travel modes and change in car ownership.

Table 3.3: SEMprediction results: change in car ownership

Regression Coefficient R2

Change in car ownership 0.158

(Intercept) –

Car ownership (pre-pandemic) -0.161 (0.028)***

On-site working days 0.031 (0.010)***

Risk perception: car –

Risk perception: TNC –

Risk perception: PT –

Risk perception: walking –

Age –

Income –

Education level –

Household size 0.066 (0.024)***

Female 0.079 (0.044)*

Ethnicity: black or African American –

Job: Community and personal services –

Job: Healthcare 0.263 (0.087)***

Job: Labourers –

Job: Managers –

Job: Professionals 0.220 (0.068)***

Job: Sales 0.201 (0.099)**

Job: Student –

Job: Technicians 0.216 (0.083)***

Distance to CBD (fall 2021) 0.002 (0.001)*

Note: Standard errors are reported in parentheses. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Dependent variables are denoted in bold. Only the

significant coefficients are reported.

THE EFFECTSOF SOCIO-DEMOGRAPHIC FACTORS

To understand how the attitudinal and behavioral results vary across different demographics,

we highlight some key findings with regards to socio-demographic factors. First, we observe

that household size positively correlates with change in car ownership. The interpretation of

this result is that larger households are in greater needof vehicles for transportation of house-

holdmembers comparedwith smaller households.

Our results also show evidence of occupational variation in the usage frequencies of different

travel modes. Specifically, compared with other occupations, people who work in the com-

munity and personal services now use PTmore frequently (coeff=0.483, p<0.1); students use
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cars less frequently (coeff=-0.670, p<0.01) and walk more frequently (coeff=0.576, p<0.01)

Technicians use carsmore frequently (coeff=0.308, p<0.1) whereasmanagers use TNCsmore

frequently (coeff=0.511, p<0.01).

THE EFFECTSOF BUILT ENVIRONMENTVARIABLES

People living in different parts of Greater Boston may have very different behavior and atti-

tudes towards travelmodeusages andWFH, thusweare interested in investigating theeffects

of the built environment variable (i.e. distance to the CBD). Table 3.1 shows that higher PT

and TNC usage as well as walking frequencies are associated with smaller distances to CBD,

suggesting that people living closer to Boston city center are more likely to walk as well as

use PT and TNC, which makes intuitive sense as the commercial and business center are usu-

ally equipped with more public transport infrastructures, more TNC service supply and more

pedestrian amenities.

In terms of the car usage and ownership, Table 3.1 shows that the distance to CBD positively

correlates with the current car usage frequency (coeff=0.006, p<0.01), and Table 3.3 shows

that the distance to CBD is positively associated with change in car ownership (coeff=0.002,

p<0.1). These findings suggest that in contrast to the results forwalking aswell as PT andTNC

usage frequencies, people who live in the peripheral area of Greater Boston aremore likely to

use cars in the fall of 2021, and are alsomore likely to buy new cars during the pandemic.

3.3.3 WFHPREDICTION

Table3.4 reports the results for thepredictionsof on-siteworkingdays andoverall satisfaction

towardsWFH. Figure 3.9 presents coefficients of the key variables.

ON-SITEWORKINGDAYS

When predicting the number of on-site working days, first we find that the number of total

working days and the interaction between the number of total working days and on-site work

requirements are crucial determinants. For those whose jobs require them to travel to spe-

cific job locations, one additional total working day is associated with 0.294+0.544=0.838 ad-

ditional on-site working days. However, for those whose jobs do not require travel to specific

job locations, one additional total working day is only associatedwith 0.294 additional on-site

working days. “Reimbursement“ is also an important factor influencing the number of on-site

working days. Specifically, if the cost of remote work is reimbursed by the employer, on-site
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working days are reduced by 0.9 day on average.

Twoadditional findings areworth highlighting. First, the number of on-siteworking days is sig-

nificantly affectedby thechange in carownership (coeff=0.506, p<0.01), butnotbycarowner-

ship itself. This result suggests a correlation between people buying cars during the pandemic

and the increase of on-siteworking days, which probably indicates that the intention of buying

cars during the pandemic for many people is to be capable of commuting to work by car. Sec-

ond, it is found that among all aspects ofWFH, only the evaluation ofWFH regarding “collabo-

rationwith colleagues” significantly affects the number of on-siteworking days (coeff=-0.489,

p<0.01). This significant coefficient indicates that lower satisfaction in terms of “collabora-

tionwith colleagues”whenworking fromhomewould encourage people towork on-sitemore.

Interestingly, though feeling towards “collaboration with colleagues” during WFH is the only

WFH-related perspective that significantly affects the number of on-site working days, this

factor does not significantly influence respondents’ overall WFH satisfaction, which reflects

an inconsistency between behavior and attitude regardingWFH. Given the emphasis of work

collaborations in people’s on-site working decisions, employers can encourage employees to

work in the co-working spaces, as co-working spaces can allow employees to collaborate with

colleagues while working closer to home [61].

OVERALL SATISFACTIONWITHWFH

We also investigate how overall WFH satisfaction is affected by attitudes towards different

aspects ofWFH. The results in Table 3.4 show that feelings towards “work-life balance” is the

strongest predictor of overall satisfaction (coeff=0.333, p<0.01). Feelings towards “creativity

atwork”, “work environment” and “workproductivity” are also positively correlatedwith over-

all satisfaction (coeff=0.192, 0.144 and 0.171, respectively, p<0.01). Perceptions towards “fo-

cusonwork”, “collaborationwith colleagues” and “feeling connected to colleagues”donothave

significant associations with overall satisfaction towardsWFH.

Regarding the socio-demographic variables,wefind that individuals living in larger households

are less satisfied with WFH (coeff=-0.098, p<0.01). One potential reason is that in a large

household, people have to cooperate more within their households as the usual divisions be-

tweenwork, home, and school becomeblurred [62], and thusmaycreate tensionwithinhouse-

holds. Also, primary earners in large householdsmay need to take onmore family chores such

as childcare during the work day, leading to lower satisfaction with WFH. Larger households

are also likely to be noisier and createmore distractions.
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Table 3.4: SEMprediction results: on-site working days, overallWFH satisfaction

Regression Coefficient R2 Regression Coefficient R2

On-site working days 0.492 OverallWFH satisfaction 0.621

(Intercept) 0.668 (0.369)* Reimbursement –

Total working days 0.304 (0.053)*** Risk perception: car –

Total working days * on-site requirement 0.525 (0.132)*** Risk perception: TNC –

On-site requirement – Risk perception: PT –

Reimbursement -0.894 (0.204)*** Risk perception: walking –

Risk perception: car – Age -0.066 (0.034)*

Risk perception: TNC – Income –

Risk perception: PT – Education level –

Risk perception: walking – Household size -0.098 (0.037)***

Age – Female –

Income – Ethnicity: black or African American –

Education level – Change in car ownership –

Household size – Car ownership (fall 2021) –

Female – WFH satisfaction: productivity 0.171 (0.049)***

Ethnicity: black or African American – WFH satisfaction: focus –

Change in car ownership 0.506 (0.189)*** WFH satisfaction: creativity 0.192 (0.041)***

Car ownership (fall 2021) – WFH satisfaction: environment 0.144 (0.039)***

WFH satisfaction: productivity – WFH satisfaction: collaboration –

WFH satisfaction: focus – WFH satisfaction: feeling connected –

WFH satisfaction: creativity – WFH satisfaction: work-life balance 0.333 (0.031)***

WFH satisfaction: environment – Distance to CBD (fall 2021) –

WFH satisfaction: collaboration -0.489 (0.129)***

WFH satisfaction: feeling connected –

WFH satisfaction: work-life balance –

Distance to CBD (fall 2021) –

Note: Standard errors are reported in parentheses. Dependent variables are denoted in bold. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Log-transformation has been adopted to the usage frequency variables for all themodes.

Only the significant coefficients are reported.

3.3.4 COMMUTINGMODECHOICE PREDICTION

To investigatehow the factors that affect people’s commutingmode choices change in thepan-

demic time compared with the pre-pandemic situation, we adopt a discrete choice modeling

technique. The results for predicting the commuting mode are presented in Table 3.5 and are

explained below.

In terms of the alternative-specific variables, the results show that the absolute values of the

travel time coefficients for all travel modes (i.e. active, auto and transit) have decreased in the

fall of 2021. Specifically, the travel time coefficient changes from -0.073 to -0.056 for active

modes, from -0.093 to -0.044 for auto and from -0.038 to -0.025 for transit, respectively. This

result indicates that compared with the pre-COVID period, people have become less sensi-

tive to the travel time of all three travelmodes, which is probably because people’s commuting

mode choices have been affected by the pandemic, thus the travel time effects are lessened.

Among all the commutingmodes, the travel time effect for auto has decreased themost, as the

magnitude of the coefficient decreases by 0.049. This result may suggest that the pandemic
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Note: green indicates positive coefficients, whereas red indicates negative coefficients. No significant correla-

tions between risk perceptions towards different travelmodes and on-siteworking days/overall satisfactionwith

WFH have been found.

Figure 3.9:WFHprediction results

has greatly reducedpeople’s sensitivity to driving timewhen choosing auto as the travelmode.

We also investigate the role that car ownership plays in terms of commutingmode prediction,

and find that the coefficients of car ownership on auto usage are significantly positive for both

the pre-COVIDperiod and the fall of 2021, indicating that higher car ownership contributes to

the choice of commuting by car. We also observe that the effect of car ownership on commut-

ing by car becomes stronger (i.e. the coefficient increases from 2.697 to 3.565, p<0.01) in the

fall of 2021, which probably suggests thatmore people utilize the cars they own to go towork.

Looking at the socio-demographic variables, In terms of income, we find that lower-income

individuals aremore likely to commute towork using auto and transit, comparedwithWFH

andcommutingbyactivemodes. This isplausiblesincepeoplewithhigher incomearetypically

more flexible in terms of choosing where to work, thus are more likely to afford to work from

home [63]. Comparing between auto and transit, we find that a low income contributes to a

greater probability likelihood of choosing auto than transit, with the coefficients of incomebe-
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ing -0.820and -0.688, respectively. Note that thecoefficientsof incomeforbothautoand tran-

sitwerenot significant in thepre-COVIDperiod. This resultmay reflect thatdue toCOVID-19,

lower-income populations who once depended on transit to get to work, becamemore reliant

on cars for commuting, probably to avoid the perceived risk of contracting COVID-19 on tran-

sit. This finding alignswith a prior study related toBoston residents’ travel behavior shifts dur-

ing the pandemic [28], which highlighted that lower-income households are more susceptible

to be forced into auto-dependence due to the fear of transmission risk and the reduced transit

service frequencies during the pandemic.

In terms of education, we find that a higher education level contributes themost to the proba-

bilityofWFHcomparedwithothermodes. This resultmakes intuitive senseashighlyeducated

populations areusually capableof doingonline and remote job, thus aremoreflexible in choos-

ing whether toWFH or not. In terms of race ethnicity, we find that the black population have

higher probability ofWFHwhen keeping other variables such as income and education fixed.

Examining the influence of the built environment variable, we find that the distance to CBD

does not have significant effect on respondents’ commutingmode choice either pre-pandemic

or in the fall of 2021. The built environment variable was typically significant in choice model

results. The insignificance of the effect may be attributable to two factors: first, we find that

some respondents living far from CBD did not commute to CBD to work. Instead, they work

near their home locations. The existence of people working in the local business centers un-

dermines the influence of the distance to CBD on people’s mode choices; second, our sample

is not extremely large, thus our models may not have enough statistical power to detect the

potentially significant effects of the built environment variable on people’s mode choices [64].
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Table 3.5: Commutingmode prediction results

Variable Pre-COVID Fall 2021

Dependent variable

Primary commutingmode to work/school: auto, transit, active,WFH

Constants

ASC (auto) -2.442 (0.865)*** -3.173 (0.778)***

ASC (transit) – -1.857 (0.882)**

ASC (WFH) N/A -5.184 (1.178)***

Alternative-specific variables

Travel time (active) -0.073 (0.021)*** -0.056 (0.018)***

Travel time (auto) -0.093 (0.023)*** -0.044 (0.016)***

Travel time (transit) -0.038 (0.009)*** -0.025 (0.006)***

WFH cost reimbursement (WFH) N/A –

Satisfaction withWFH (WFH) N/A –

Socio-demographic variables

Car ownership (auto) 2.697 (0.710)*** 3.565 (0.682)***

Car ownership (transit) – 1.507 (0.701)**

Car ownership (WFH) N/A 2.645 (0.945)***

Age (auto) – –

Age (transit) – –

Age (WFH) N/A –

Female (auto) – –

Female (transit) – –

Female (WFH) N/A –

Ethnicity: black or African American (auto) 1.363 (0.709)* –

Ethnicity: black or African American (transit) – –

Ethnicity: black or African American (WFH) N/A 1.634 (0.827)**

Income (auto) – -0.820 (0.292)***

Income (transit) – -0.688 (0.260)***

Income (WFH) N/A -0.642 (0.312)**

Education (auto) – 0.916 (0.280)***

Education (transit) – 1.175 (0.288)***

Education (WFH) N/A 1.193 (0.411)***

Household size (auto) – –

Household size (transit) – –

Household size (WFH) N/A –

Built environment variables

Distance to CBD (auto) – –

Distance to CBD (transit) – –

Distance to CBD (WFH) N/A –

Model fit

Sample size 349 335

Final log likelihood -184.09 -236.86

Likelihood ratio test for the init. model 320 310.7

Rho-square-bar for the init. model 0.4 0.31

Akaike Information Criterion 410.17 537.72

Bayesian Information Criterion 491.13 659.78

Note: Robust standard errors in parentheses. For the pre-COVID period, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

only three alternatives (i.e. auto, transit, active) are included since there

are too fewWFH samples.
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3.3.5 PERCEPTIONS TOWARDS PUBLIC TRANSIT

Wealso asked questions to understand howperceptions towards public transit changed in fall

2021. We asked the respondents what factors make them feel unsafe to ride transit, and we

can see fromFigure3.10 that the factors that theymentioned themost are still aspects related

to COVID prevention, such as spending time in a confined space with strangers, as well as too

many passengers crowded on vehicles.

Figure 3.10: Answer to the question “what factorsmake you feel that it is unsafe to ride public

transit now?”

Wewent on to ask the respondents what transit service improvements theMBTA couldmake

to encourage them to ride transit more often in the future. From Figure 3.11, we can see that

“more cleaning in vehicles and stations” have been highlighted the most. However, a signifi-

cant number of riders chose “more frequent transit service during off-peak hours”, aswell as

“improvement to transit speed and reliability”. These findings can help inform the effort to

encourage return of pre-COVID riders as well as emergingmode shift strategies.

In fact, more frequent transit service and improvement to bus speed and reliability can effec-

tively reduce the time passengers spend in a confined space. Therefore, making improvement

in these two aspects is likely to encouragemore people to ride transitmore often in the future.
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Figure3.11: Answer to thequestion “what transit service improvementscould theMBTAmake

to encourage you to ride transit more often in the future? ”

3.4 CONCLUSIONSANDDISCUSSIONS

The gradual return of pre-pandemic activities in the fall of 2021 as a result of the lifting of re-

strictions on dining, masks and indoor gatherings, can help us predict how the post-pandemic

normalwill look like. This research is one of the first attempts to explore the impact of COVID-

19 onworking from home and travel behavior in a U.S. city when COVID-19 restrictions were

largely lifted and people were gradually returning to the office. Several key findings are sum-

marized in the subsections below.

3.4.1 IMPACTOFCOVIDONTRAVELMODEUSAGE FREQUENCIES

KEY FINDINGS

• In the fall of 2021, theusage frequencies ofPTandTNChave significantly reduced.

• The reductions of the usage frequencies of PT and TNC are partially affected by

changes in car ownership.

• A smaller number of on-site working days is associated with a lower usage fre-

quency of PT.

• A lower perceived risk when using car decreases PT and TNC use.

Our online survey of Massachusetts residents reveals that the usage frequencies of PT and

TNC have significantly reduced in the fall of 2021when compared to the pre-pandemic levels.

Based on our SEMmodeling results, we find that these reductions in PT and TNC ridership are

partially affected by changes in car ownership, as an increase in car ownership leads to a 27%

decline inPTusage frequency, andan15.7%decline inTNCusage frequency. Asmallernumber
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of on-site working days are also associated with a lower usage frequency of PT, although this

associationdoesnotexistbetweenthenumberofon-siteworkingdaysandother travelmodes.

This result reflects the negative impact of working from home on PT ridership. The declines in

usage frequencies of PT and TNCare also partially attributed to perceived risks of contracting

COVID-19. Specifically, it is found that a lowerperceived riskwhenusing car decreasesPTand

TNC use. These results confirm that attitudinal factors play important roles in people’s travel

choices.

3.4.2 DETERMINANTSOFON-SITEWORKINGDAYS

KEY FINDINGS

• Therequirement toworkon-site, the totalworkingdaysandwhether theemployer

reimburses the cost of remotework are crucial determinants of the number of on-

site working days.

• The respondents’ satisfaction with WFH regarding collaboration with their col-

leagues is the only WFH-related attitudinal factor that significantly affects the

number of on-site working days.

• “Work-life balance” is the most important aspect that influences general satisfac-

tion, followed by “creativity atwork”, “quality of thework environment”, and “work

productivity”.

Our results showthat the requirement toworkon-site, the totalworkingdaysandwhether the

employer reimburses the cost of remote work are crucial determinants of the number of on-

site working days. These findings echo previous research that the ability to do a job remotely,

employer support and availability and the cost of technologywere themost important factors

governing the intention to increaseWFH [65, 66, 67]. Therefore, if the local authorities want

to sustain a behavior shift toWFH so as to alleviate traffic congestion, they should encourage

employer support forWFH such as offering reimbursement for home office equipment.

Satisfaction towards WFH has also been found to contribute to WFH behavior. It is worth

highlighting that the respondents’ satisfaction with WFH regarding collaboration with their

colleagues is the only WFH-related attitudinal factor that significantly affects the number of

on-site working days. Therefore, if the local authorities or employers want to encourage re-

mote working, they should develop measures to improve collaborations among employees,

such as incentivizing employees to work in the co-working spaces located near employees’

homes, which can enable employees to work together without having to commute long dis-

tance to work.
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We also examine the relative importance of various aspects of WFH with respect to overall

satisfaction towardsWFH.We find that “work-life balance” is the most important aspect that

influences general satisfaction, followed by “creativity at work”, “quality of the work environ-

ment”, and “work productivity”. When working from home, respondents are less satisfied in

termsof feelingconnectedtotheircolleaguesandcollaborationwiththeir colleagues, but these

elements are not found to have significant effects on determining their general satisfaction

at work. Interestingly, given the importance of “collaboration with colleagues” in predicting

the number of on-siteworking days, this factor is not significantwhen predicting respondents’

overall WFH satisfaction. This result may reflect a disconnect between attitude and behavior

regardingWFH.

3.4.3 COMMUTINGMODE SHIFTS

KEY FINDINGS

• Compared with the pre-pandemic period, people in the fall of 2021 are less sensi-

tive to the travel time for all the modal alternatives when choosing their commut-

ingmodes.

• The contribution of car ownership to the utility of commuting by car has increased

in the fall of 2021, showing that the increase in car ownership encourages people

to work on-site more.

• Lower-income and less educated populations are less likely toWFH than commut-

ing by auto and transit.

This research also contributes to the existing literature by studying the potential shifts in com-

mutingmode choice due to COVID-19 and the underlying factors that lead to the shifts. Since

WFH is likely to be sustained to some extent in the post-pandemic era, it is critical to incor-

porate WFH into current commuting mode choice models along with traditional travel mode

alternatives [68]. Our survey result shows that the proportion of respondents that work from

home full-time has increased from 3.6% in the pre-pandemic time to 14.1% in the fall of 2021.

The discrete choice modeling results indicate that compared with the pre-pandemic period,

people in the fall of 2021 are less sensitive to the travel time for all the modal alternatives (i.e.

auto, active and transit modes) when choosing their commuting modes. The contribution of

car ownership to the utility of commuting by car has increased in the fall of 2021. This finding

coincides with the SEM modeling result showing that the change in car ownership positively

correlates with the number of on-site working days. These results tell us that people have be-

comemore likely tousetheircars tocommute in the fallof2021, andfor thosewhohavebought
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cars during the pandemic, they tend towork on-sitemore. In terms of socio-demographic het-

erogeneity in commuting mode choice, it is found that lower-income and less educated popu-

lations are less likely toWFH than commuting by auto and transit.

3.4.4 INSIGHTS FORMBTARIDERSHIP RETURN

The future of work in Metro Boston is only one component influencing the return of riders to

the MBTA transit and rail system. Since the unprecedented ridership collapse following the

March 2020 state and municipal declarations of a state of emergency, ridership return has

generally been slow and steady. Ridership data suggests recovery has reached a plateau of

sorts, with the national transit ridership returned to about 62% of its pre-pandemic level by

September10, 2022 [11]. Of course, recent servicedisruptions connectedwith state-of-good-

repair issues and compliancewith the FTA’s Safety Inspection Review have complicated rider-

ship return. Using the comprehensive national data and the rigorous econometric methods,

we project that the post-pandemic transit ridership will recover to 73.3%-81.0% of its pre-

pandemic level in theBoston-Cambridge-NewtonMSA.Themost recentpro forma report from

theMBTA (November2022) is consistentwith thesefindings, projecting ridership recovery (as

expressed in fare revenues) to be no higher than 78% by Fiscal Year 2028 [42].

Riders expressed a variety of concerns about returning to transit, notably safety concerns.

When asked to identify their primary safety concerns, riders responded that they were con-

cerned about spending time in a confined space with strangers, as well as too many passen-

gers crowded on vehicles. At the same time, riders offered a solution that might assuage their

concerns, and this was more frequent service. This response is logical (and insightful) as more

frequencies should mean less crowded subway cars and buses and improved access. These

findings are supported by our national study, which finds that the number of COVID cases and

the vaccination rate significantly influence rail ridership but not bus ridership, and the level of

transit service recovery plays an important role in encouraging return to transit. The national

finding also suggests that riders feel safer andmore comfortable riding bus than rail.

While theMBTA has limited ability on its own to influence employer terms of employment re-

gardingworkplacerules, it canact torespondto factors likechanged journeypatternsandrider

concerns about crowding.
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5 APPENDIX

5.1 ANALYTICALAPPROACH

5.1.1 IMPACTSOFREMOTEWORKONTRANSIT RIDERSHIP IN THEU.S.

DURING THECOVID-19 PANDEMIC

Data. Public transit data comes from the National Transit Database, which reports panel data

of transit profiles and summaries at an agency-month level, reported separately bymode. We

includeonly ”full reporters” that regularly report their ridershipmonthly, andexclude ”reduced

reporters” (agenciesoperating fewerthan30vehicles inmaximumservice)and”rural reporters”

(agenciesnot reportingdata to themonthly ridershipmodule). For eachagency,we includebus

modes (bus, bus rapid transit, commuter bus, and trolleybus) and rail modes (light rail, heavy

rail, commuter rail, etc.), and exclude demand-responsive transit and all other modes. Transit

ridership and transit service supply are calculated as the total number of unlinked passenger

trips and the total vehicle revenue miles for all operators within an MSA, respectively. The

resulting data for transit and bus ridership estimations covers 214 MSAs from April 2020 to

August 2022,whereas the data for rail ridership estimation includes 33MSAs for the samepe-

riod of time.

Data on the recovery rate of onsite workers comes from the Google Community Mobility Re-

ports [69]. TheGoogleCommunityMobilityReportsdocument thepercentagechangeofwork-

place visitors from baseline, which we refer to as the recovery rate of onsite workers, at the

county level. The baseline is the median value, for the corresponding day of the week, during

the 5-week period Jan 3–Feb 6, 2020. For eachmonth, the recovery rate of onsiteworkers for

eachMSA is constructed as the average recovery rate of onsite workers of all counties within

that MSA, weighted by the employment level in those counties for that month. The monthly

employment level foreachcounty isobtained fromtheUSBureauofLaborStatistics [70]. Since

the employment data is only available untilMarch 2022,we assume that the countyweights in

eachMSAbetweenApril 2022 andAugust 2022 stay the same as the countyweights inMarch

2022.

Data on the percentage of suitable remote workers (SW ) comes from the US Bureau of Labor
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Statistics. This variable is calculated as the weighted average of the percentage of suitable re-

mote workers across all industries in each MSA. Specifically, SWit =
∑

j e
t
ijpij/

∑
ij e

t
ij , where

pij stands for the percentage of suitable remote workers for industry type j in MSA i, and etij

denotes the employment level inMSA i for industry j at time t. Both pij and etij are reported by

theUSBureau of Labor Statistics, with the estimates for pij constructedwith the use ofmicro-

data from the May 2019 Occupational Employment Statistics survey [71] and the estimates

for etij extracted from the quarterly census of employment andwages [70].

Thereopeningstatusofa state refers to the liftingof social distancingmeasures, suchas impos-

ing mandatory stay-at-home orders, closing or limiting capacity at non-essential businesses,

restaurants, and bars, as well as limiting large gatherings [72]. This data is cross-referenced

from two sources: the Kaiser Family Foundation [72] and theNewYork Times [73]. EachMSA

is mapped to a state which has themost population of thatMSA.

The net migration rate forMSA i at time t is calculated as:

Net migration rate t
i = (Gross inflow t

i −Gross outflow t
i)/Populationi (5.1)

Gross in- and outflows of individuals are represented by the number of individuals’ change-

of-address records provided by the United States Postal Service (USPS) [74]. The raw data is

provided at the ZIP code level, and we aggregate the data to theMSA level.

Data on the daily number of new COVID-19 cases at the county level comes from the New

YorkTimes [75], andweaggregate the data to theMSA-month level. In the regressions, weuse

the number of new cases per capita as an independent variable to control for the population

effect. The vaccination information for each state is obtained from the Centers for Disease

Control andPrevention (CDC) [76]. We extract data on the percentage of peoplewho are fully

vaccinated for each state from the database, and associate theMSAswith their corresponding

states.

The monthly population data for each MSA is calculated based on the American Community

Survey (ACS) and the monthly population movement reported by the USPS. Since ACS is an

annual survey, we first obtain the 2019 population data fromACS for eachMSA. Then for each

month during the study period, we add the gross inflow to and subtract the gross outflow from

the 2019 population of eachMSA, which gives us the population of eachMSA for each month

during the study period. Data on the percentage of transit commuters and the percentage of

no-vehicle households in eachMSA are obtained from the 2020 ACS 5-year estimates.

Fixed-effect model specification. The main goal of this study is to analyze how the recovery

rate of onsite workers impacts transit ridership recovery. To achieve this goal, we first apply
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the following fixed-effect models:

Yit = β0 + β1RWit + β2Controlsit + α1i + α1m + υit (5.2)

where Yit is the transit ridership recovery rate for MSA i at time t, which is calculated as the

percentageof transit ridership compared to its pre-pandemic level. RWit denotes the recovery

rate of onsite workers forMSA i at time t, which is calculated as the percentage of the number

ofworkplace visitors at time t comparedwith its pre-pandemic level. Controlsit is a set of con-

trol variables at theMSA-month level, including reopening status, net migration rate, COVID-

19 cases per capita, proportionof fully vaccinatedpopulation, transit service recovery rate (i.e.

the percentage change of transit vehicle revenue miles from the pre-pandemic time) and the

log ofMSA population. α1i denotes theMSA fixed effects that control for time-invariantMSA

characteristics. α1m denotes themonth fixed effects that account for the variation bymonth.

2SLS specification. Tosolve theendogeneityproblemofRWit andestimate the causal effect of

the recovery rate of onsite workers on transit ridership recovery, we apply a 2SLS estimation.

In the first stage of the 2SLSmodel, we estimate the recovery rate of onsite workers using the

following formula:

RWit = γ0 + γ1SWit + γ2Controlsit + α2i + α2m + ϵit (5.3)

where SWit represents the percentage of suitable remote workers in MSA i at time t. α2i and

α2m are theMSA fixed effects and themonth fixed effects. We include the same set of control

variables,MSA andmonth fixed effects as in the fixed-effectmodel (equation 5.2). The second

stage of the 2SLS follows the formula:

Yit = β0 + β1R̂Wit + β2Controlsit + α1i + α1m + υit (5.4)

where R̂Wit is the predicted value of the recovery rate of onsiteworkers estimated fromEqua-

tion 5.3. Controlsit is the same set of control variables as in Equation 5.2. α1i and α1m denote

theMSA fixed effects and themonth fixed effects.

Temporal heterogeneity of the causal effect. To explore the temporal change in the effect of

the recovery rate of onsite workers on transit ridership recovery, we estimate the following

model:

Yit = β0 +
24∑
k=1

γk ∗ I {t = Tk} ∗ R̂Wit + β2Controlsit + α1i + α1m + υit (5.5)

whereTk(k ∈ {1, 2, ..., 24}) indicatemonths that rangefromApril2020toMarch2022. I {t = Tk}
takes value 1 if t is Tk and 0 if not. γk denotes the time-specific effect. Other parts of themodel
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remain the same as in Equation 5.4.

Spatial heterogeneity of the causal effect. To estimate the heterogeneity of the effect across

MSAs, we estimate the second stagemodel using the following formula:

Yit = β0 + ω1 ∗ I {i ∈ Z} ∗ R̂Wit + ω2 ∗ I {i ̸∈ Z} ∗ R̂Wit + β2Controlsit + α1i + α1m + υit

(5.6)

where Z denotes a specific set of MSAs. We examine three MSA sets: (1) the 10 most popu-

lated MSAs; (2) the top 10 MSAs with the highest percentages of transit commuters; and (3)

the top 10MSAs with the highest percentages of no-vehicle households. ω1 and ω2 represent

the coefficient forMSAs in the target set and the coefficient forMSAs not in the target set.

Explanation of themethod for transit ridership projection

• The post-pandemic recovery rate of onsite workers. We derive the post-pandemic re-

covery rate of onsite workers based on two U.S. national surveys. A U.S. national sur-

vey about working arrangements and attitudes suggested that between July 2020 and

March 2021, the U.S. employers planned for workers to supply 21.3% of full workdays

from home after the pandemic ends [18]. Another global survey of working arrange-

ments found that between mid 2021 and early 2022, the U.S. employers planned an av-

erage of 0.8WFH days after the pandemic ends [41], which is roughly 0.8/5=16% of full

workdays from home. Given that the estimated share of full workdays at home before

the pandemic was 4.8% [18], we estimate the recovery rate of onsite workers after the

pandemic as 82.7%and88.2%, computed as (1-0.213)/(1-0.048)=82.7%and (1-0.16)/(1-

0.048)=88.2%.

• The estimated loss of transit trips and passenger fare revenues. Based on employers’

anticipated degree of remoteworking in the post-pandemic time,we project that the av-

erage projected transit ridership across allMSAswould be between 73.8% and 81.8% of

the pre-pandemic level, which translates into 18.2% - 26.2% transit ridership loss. Given

that the 2019 total U.S. transit ridership is 9.97 billion and that the overall passenger

fare revenue is $16.27 billion [77], we get that at least 1.8 billion annual transit trips and

$3.0 billion annual passenger fare revenues would be lost, computed as 18.2% × 9.97

billion=1.8 billion and 18.2%× $16.27 billion=$3.0 billion.
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5.1.2 CHANGEOFTRAVELATTITUDESANDBEHAVIORSINMASSACHUSETTS

DURING THECOVID-19 PANDEMIC

This research tries to understand the impact of COVID-19 onWFH, frequency of use for var-

ious transportation modes as well as commuting mode choices in the fall of 2021. As such,

three separate approacheswere taken. The first estimates a travelmode frequency prediction

model, the second identifies factors that influence the number of on-siteworking days and the

overallWFH satisfaction. The third estimates a commutingmode choice predictionmodel.

Travelmodeusageprediction In this research,weuseSEM,amultivariatedataanalysis tech-

niquetostudythesimultaneous influenceof travelmodeusage frequency, carownershipchanges,

the number of in-personwork days and risk perceptions towards different travelmodes in the

fall of 2021. The objective of SEM is to estimate the dependency relationship between vari-

ables, demonstrating how one variable influences the others and verifying the validity of the

model proposed to evaluate these relationships [78, 79]. The conceptual framework of the

SEMmodel is illustrated in Figure A1.

Figure A1: Hypothesised SEM framework for the relationship between the usage frequencies

of different travel modes, change in car ownership andWFH

Several hypotheses are tested. First, the change in car ownership compared to the pre-COVID

period is expected to influence the frequency of car and non-car travel modes in the fall of
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2021. A previous study has shown that, in the U.S., the perceived value of owning and using

a car increased by 260% during the pandemic when compared with the pre-pandemic period

[80]. As such, wewant to explore how the change in car ownershipwould affect the frequency

of use for various travel modes.

Second, the number of in-personworking days is expected to be positively correlatedwith the

usage frequencies of various travel modes. Surveys conducted during the early days of the

COVID-19 pandemic in Australia showed that a higher number of days of WFH is associated

with a lower number of one-wayweekly commuter trips [68], andwewant to testwhether the

total frequency (for all trips, not just commuting trips) is affected. In this research, we aim to

not only test the existence of the correlation between the number of in-person working days

and the usage frequencies of various travel modes in the fall of 2021, but also study how this

relationship varies across different travel modes.

Third,wehypothesize thatperceivedrisksofcontractingCOVID-19whenusingdifferent travel

modes influence the number of on-siteworking days, the change in car ownership and the cur-

rent usage of different travelmodes. We also hypothesize that the number of in-personwork-

ing days should be positively correlated with an increased probability of car ownership, since

people aremore likely to buy cars if they commute often.

We adopt an SEM to test the hypothesized relationship using theLavaan package in R Studio.

One key advantage of the SEM method is the flexibility to simultaneously capture the direct

and indirect effects amongvariables. It also allowsus to compare themagnitudesof theeffects

across different variables. For instance, we can identify which travel modes have been most

affected by increases in car ownership.

WFH predictions To understand what factors influence respondents’ perceptions and be-

havior related toWFH,webuildanotherSEMmodel toestimate thenumberofon-siteworking

days and overall satisfaction towardsWFH. The conceptual framework is presented in Figure

A2which shows several hypotheses tested in themodel. First, job requirements and attitudes

towardsWFH are expected to influence the number of in-personworking days. This hypothe-

sis is grounded in the Theory of PlannedBehavior, which states that strong favorable attitudes

and greater perceived behavioral control (i.e. the perceived practical ease or difficulty of per-

forming the behavior) are usually associated with a strong intention to behave in a particular

fashion [81, 65]. Various aspects of attitudes towardsWFH (e.g. work productivity, work en-

vironment ...) are expected to affect the number of in-person working days differently, and it

is essential to identify the relative roles of these various attitudes in terms of explaining the

number of in-person working days, as it can help employers understand what drives people

to choose on-site working overWFH. Besides, we hypothesize that people’s perceived risk of
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becoming infected with COVID-19while using different travel modesmay affect their on-site

working days.

Second, we also expect that the overall satisfaction towards WFH is affected differently by

different dimensions of attitudes towards WFH. The perceived risk of different travel modes

mayalsoaffect people’s overall satisfaction towardsWFH. Inaddition,wehypothesize that the

number of on-site working days correlates with overallWFH satisfaction.

FigureA2: HypothesisedSEMframework for thepredictionsofon-siteworkingdaysandWFH

satisfaction

Commuting mode choice prediction While the previous section focuses on predicting the fre-

quency of use for various travel modes, in this section we aim at predicting respondents’ pri-

mary commutingmode towork/school. Discrete choice analysis is themodeling of choice from

a set of exclusive and collectively exhaustive alternatives [82]. For this problem, we are trying

to predict the respondents’ primary commuting mode choices among several discrete alter-

natives, thus a discrete choice modeling approach is adopted. Only the respondents who are

employed/self-employed or students are included in this part of analysis.

The primary commuting mode model contains four alternatives: 1) auto (including car driver,

carpassengerandtaxior ridehailing); 2)public transport (includingbus, subwayandcommuter

rail); 3) active modes (including walking and biking); 4) WFH (no commute). In the survey, we

asked not only the respondents’ primary commuting modes for the time the survey was con-

ducted, but also their primary commuting modes before COVID-19. With this information,
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we are able to conduct the same discrete choice analysis for the pre-COVID and the fall of

2021 separately and compare the results. For samples that choose WFH in each period, we

exclude those indicating that the origin and destination of a typical commuting trip once the

COVID-19 ceases to be a pandemic are the same, because in that case it is impossible for the

respondents to choose travel modes other thanWFH. This leaves us with only 3 valid samples

that chose WFH for the pre-pandemic time. Therefore, for the pre-pandemic period, we ex-

cluded responses that choseWFH and only estimated for a choice set with three alternatives:

active, auto and transit modes. After data cleaning, there were 349 valid samples for the pre-

pandemic period and 335 valid samples for the fall of 2021.

In the discrete choicemodels, the utility of working from home is given by:

UWFH =ACSWFH +
∑
q

βWFH,q · zq +
∑
d

βWFH,d · xd + βWFH,r · reimburse+ βWFH,s·

satisfaction+ εWFH

(5.7)

where zq represents the socio-demographic variables including gender, race, income, educa-

tion level, occupation type, car ownership and household size. xd represents the built environ-

ment variables including the distance of the individual’s home to the CBD (in this case Boston

City Hall). reimburse indicates whether the employer reimbursed the individual for any por-

tion ofWFH cost. satisfaction indicates the individual’s general satisfaction towardsWFH as

measuredona5-point Likert scale. Note that theWFHalternativewasnot included in thepre-

pandemic period.

The utility functions for themodal alternatives are given by:

Uactive =ACSactive + βactive,TT · TTactive + εactive

Uauto =ACSauto + βauto,TT · TTauto +
∑
q

βauto,q · zq +
∑
d

βauto,d · xd + εauto

Utransit =ACStransit + βtransit,TT · TTtransit +
∑
q

βtransit,q · zq +
∑
d

βtransit,d · xd + εtransit

(5.8)

where TTModej represents the travel time for the travel mode j, obtained through the Google

MapsAPI. Aswith theWFHalternative, the socio-demographic variables zq and the built envi-

ronment variables xd are included in the utility function.

5.2 DESCRIPTIVE STATISTICS

Table A1 provides the summary statistics of our survey data.
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Table A1: Descriptive statistics

Variable Description Mean Std.dev Min Max

1. Travel behavioral variables

Commutemode: active (pre-pandemic)

Primary commutingmode (0/1)

0.10 0.31 0 1

Commutemode: active (fall 2021) 0.10 0.30 0 1

Commutemode: transit (pre-pandemic) 0.22 0.42 0 1

Commutemode: transit (fall 2021) 0.20 0.40 0 1

Commutemode: auto (pre-pandemic) 0.63 0.48 0 1

Commutemode: auto (fall 2021) 0.56 0.50 0 1

Commutemode: WFH (pre-pandemic) 0.04 0.19 0 1

Commutemode: WFH (fall 2021) 0.14 0.35 0 1

Travel time (mins): active (pre-pandemic)

Travel time by different commutingmodes in minutes

18.39 18.74 3 114

Travel time (mins): active (fall 2021) 21.39 23.17 3 117

Travel time (mins): transit (pre-pandemic) 38.10 19.35 5 91

Travel time (mins): transit (fall 2021) 37.44 18.75 9 89

Travel time (mins): auto (pre-pandemic) 18.07 11.73 2 67

Travel time (mins): auto (fall 2021) 19.31 14.32 2 92

PT usage frequency (pre-pandemic)

Frequency of usage regarding different modes (recoded

asmonthly usage frequencies1: never = 0, rarely = 1, a

few times amonth = 3, once a week = 4, several times a

week = 16 (4*4), daily = 28 (4*7)

9.23 10.89 0 28

PT usage frequency (fall 2021) 6.52 9.50 0 28

Car usage frequency (pre-pandemic) 17.12 11.77 0 28

Car usage frequency (fall 2021) 17.08 11.56 0 28

TNC usage frequency (pre-pandemic) 3.96 6.56 0 28

TNC usage frequency (fall 2021) 3.15 5.90 0 28

Walk frequency (pre-pandemic) 11.15 11.32 0 28

Walk frequency (fall 2021) 11.39 11.33 0 28

2. Travel attitudinal variables

Risk perception: car

Perceived risk of becoming infected with COVID-19

while using different travel modes (measured on a 5-

point Likert scale ranging from extremely unlikely to

extremely likely)

0.85 1.29 0 4

Risk perception: TNC 1.93 1.06 0 4

Risk perception: bus 2.44 1.07 0 4

Risk perception: subway 2.48 1.09 0 4

Risk perception: commuter rail 2.36 1.09 0 4

Risk perception: walking 0.79 1.11 0 4

3. WFH-related variables

On-site working days Number of days working at the job location in a week 2.21 2.23 0 7

Total working days Number of total working days 4.32 1.84 0 7

On-site requirement
“Does your job have to be conducted at the job

0.34 0.47 0 1
location?” (yes = 1; no = 0)

Reimbursement
“Does your employer reimburse you for any portion of

0.22 0.41 0 1
the cost of remote work?” (yes = 1; no = 0)

Note: 1We take themean of each frequency bracket in themodeling process.

55 55



December 22, 2022

Table A2: (Cont.) Descriptive statistics

Variable Description Mean Std.dev Min Max

Evaluation ofWFH in comparison to in-person work for the following aspects (much worse than in-person work = -2;

worse than in-person work = -1; about the same = 0; better than in-person work = 1; much better than in-person work = 2)

WFH satisfaction: productivity Work productivity 0.07 1.03 -2 2

WFH satisfaction: focus Focus onwork 0.02 1.10 -2 2

WFH satisfaction: creativity Creativity at work 0.23 1.00 -2 2

WFH satisfaction: environment Quality of the work environment 0.37 1.06 -2 2

WFH satisfaction: collaboration Collaboration withmy colleagues -0.43 0.99 -2 2

WFH satisfaction: feeling connected Feeling connected tomy colleagues -0.54 1.04 -2 2

WFH satisfaction: work-life balance Work-life balance 0.56 1.15 -2 2

OverallWFH satisfaction Overall satisfaction 0.41 1.01 -2 2

4. Socio-demographic variables

Car ownership (fall 2021)
Number of cars owned by the household

1.47 0.88 0 3

Car ownership (pre-pandemic) 1.44 0.88 0 3

Change in car ownership

Difference of the number of cars owned by the

0.03 0.44 -2 2household in the fall of 2021 and that in the

pre-pandemic period

Age Age (years) 34.68 13.15 18 79.5

Female Gender (female = 1; male = 0) 0.48 0.50 0 1

Ethnicity: black or African American Ethnicity (black or African American = 1; other = 0) 0.27 0.45 0 1

Education level
Highest education level 0-5 ranging from “less than high

3.32 1.36 0 5
school diploma” to “graduate or professional degree”

Household size Number of people in the household 2.66 1.25 1 5

Annual household income (k) Household annual income (in 1, 000) 86.77 59.52 5 225

Job: Community and personal services

Occupation (0/1)

0.03 0.17 0 1

Job: Healthcare 0.10 0.31 0 1

Job: Labourers 0.10 0.30 0 1

Job: Managers 0.04 0.18 0 1

Job: Others 0.05 0.22 0 1

Job: Professionals 0.32 0.47 0 1

Job: Sales 0.06 0.24 0 1

Job: Student 0.08 0.28 0 1

Job: Technicians 0.10 0.31 0 1

5. Built environment variables

Distance to CBD (pre-pandemic) Distance of the home location to the CBD (Boston City 18.72 18.39 0.12 74.24

Distance to CBD (fall 2021) Hall) in kilometer 19.21 18.57 0.13 74.51
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