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Telecommuting and Travel during
COVID-19: An Exploratory Analysis
across Different Population Geographies
in the U.S.A.

Rezwana Rafiq1 , Michael G. McNally2 , and Md Yusuf Sarwar Uddin3

Abstract
This study explores the impact of the COVID-19 pandemic on telecommuting (working from home) and travel during the
first year of the pandemic in the U.S.A. (from March 2020 to March 2021), with a particular focus on examining the variation
in impact across different U.S. geographies. We divided 50 U.S. states into several clusters based on their geographic and tele-
commuting characteristics. Using K-means clustering, we identified four clusters comprising 6 small urban states, 8 large
urban states, 18 urban–rural mixed states, and 17 rural states. Combining data from multiple sources, we observed that
nearly one-third of the U.S. workforce worked from home during the pandemic, which was six times higher than the pre-
pandemic period, and that these fractions varied across the clusters. More people worked from home in urban states com-
pared with rural states. As well as telecommuting, we examined several activity travel trends across these clusters: reduction
in the number of activity visits; changes in the number of trips and vehicle-miles traveled; and mode usage. Our analysis
showed there was a greater reduction in the number of workplace and nonworkplace visits in urban states compared with
rural states. The number of trips in all distance categories decreased except for long-distance trips, which increased during
the summer and fall of 2020. The changes in overall mode usage frequency were similar across urban and rural states with a
large drop in ride-hailing and transit use. This comprehensive study can provide a better understanding of the regional varia-
tion in the impact of the pandemic on telecommuting and travel, which can facilitate informed decision-making.
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The ongoing health and economic crisis caused by the
COVID-19 pandemic and the imposed social distancing
measures have led people to adopt telecommuting
(working from home or teleworking) arrangements on
a large scale. Based on a recent survey, it was found
that between February and May 2020, over one-third
of the American labor force swapped in-person work
with telework, which increased the share of remote
working to nearly 50% of the nation’s workforce (1).
These huge changes in work arrangements and people’s
subsequent participation in activity travel may have a
long-term impact on domestic activity and travel,
including how people organize their work, where that
work is performed, and how activities and travel are
scheduled. Although the impact of the pandemic was
evident at some point in virtually all corners of the

country, the distribution of the impact varied signifi-
cantly, both spatially and temporally.

The earliest COVID-19 case in the U.S.A. was
reported in Snohomish County, Washington on January
19, 2020 after the infected individual had returned from
Wuhan (2). The virus spread across the country from
concurrent initial cases spanning different regions.
Notably, the virus initially spread primarily in urban
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areas and was transmitted through locations where peo-
ple live, work, and enjoy their leisure time closely with
other people (3, 4). It subsequently spread to rural areas,
thus affecting the entire country in a relatively short
period of time. The transmission of the COVID-19 dis-
ease and its subsequent impact differed between urban
and rural areas (5–7). For example, there was a higher
increase in cases (and a higher number of deaths) in
urban areas compared with lower cumulative cases in
rural areas (6). The effects on rural populations were
severe, with significant negative impacts on unemploy-
ment and overall economic conditions (8). Moreover,
rural residents were observed to have lower compliance
rates with COVID-related interventions such as mask
mandates (9). The disparity between urban and rural
communities suggests there could be significant differ-
ences between the populations residing in each in rela-
tion to their work arrangements and activity travel
behavior during the pandemic. In this respect, the paper
aims to examine how the impact of the pandemic on tele-
commuting and travel varied across different geogra-
phies in the U.S.A.

Recent studies have addressed the impact of the pan-
demic on telecommuting and travel behavior across dif-
ferent counties. For example, based on a primary survey
in Australia, Beck and Hensher (10) found that from late
May to early June in 2020, people returned to normal
travel, particularly for shopping, social, and recreational
activities for which they used private vehicles. Although
the use of private vehicles resumed during that period,
public transit usage diminished significantly from the
start of the pandemic. The authors also suggested that as
an immediate response to the pandemic, working from
home could be an effective policy measure for reducing
travel both during the pandemic and in the post-
pandemic world. Astroza et al. (11) found from a mobi-
lity survey in Chile that factors such as higher income,
higher education, being female, and a smaller household
size increased the propensity to work from home.
Individuals who did telework made fewer work and non-
work trips. In general, the highest reduction in number
of trips was observed in public transit and ride-hailing
usage, whereas the lowest reduction was in number of
trips made by walking, in private vehicles, and by motor-
cycle. Music et al. (12) found that telecommuting in
Canada had increasingly become a dominant working
arrangement because of the pandemic and it had greater
potential to increase social wellbeing and social sustain-
ability in both urban and rural communities. Several
recent studies have examined whether the impact of tele-
commuting was complementary or substitutive with
regard to individual travel demands during the pandemic
(13–16). For example, based on county-level data in the
U.S.A., Rafiq et al. (16) found that working from home

contributed to a reduction in the number of workplace
visits as well as nonworkplace visits that were linked to
work trips. These reductions in the number of trips cor-
responded to a reduction in average person-miles tra-
veled (PMT).

A primary focus of this paper is an examination of
the expansion of telecommuting in response to public
and private policies to contain the pandemic. The level
of telecommuting (working from home) in various cities,
regions, and states depended on factors as varied as the
proportion of telecommutable jobs to political tradeoffs
between the pandemic and its economic impact. The pri-
mary research objective was to examine the geographic
variations in the impact of the pandemic on travel in
general, and on telecommuting in particular. Many of
the variations may be caused by intercorrelated factors.
Areas with lower population densities have less popula-
tion interaction; thus, rural areas experienced lower ini-
tial levels of the pandemic and there was less impact on
travel here. These areas also tend to have a lower pro-
portion of telecommutable jobs and, thus, the ability to
respond to any level of spread by working from home is
also lower. To address the research question, a process
was developed to identify clusters of states with geo-
graphic similarities in relation to dimensions associated
with the severity of the pandemic. These clusters allow
representative areas to be selected to examine the relative
impact of the pandemic on travel and the relative effi-
cacy of telecommuting as a response mechanism.

Note that working from home, or teleworking, can be
defined as a work arrangement in which workers spend a
proportion of their employed hours working from home.
Telecommuting is a related term, which can be defined as
a sub-set of teleworking but implies explicitly replacing a
commute with telecommunications. From this perspec-
tive, someone who does not have an office to which to
commute is not a telecommuter (16). In this study, we
used the terms teleworking, working from home, and tel-
ecommuting interchangeably, because there was limited
information in the data utilized to clarify distinctions
between these terms.

This exploratory study captured the impact of the
pandemic over one full year from March 4, 2020 to
March 12, 2021 based on a wide variety of aggregate and
disaggregate data sources (i.e., big data). The impact was
examined based on a comprehensive descriptive analysis
and visual trends of a range of activity travel indicators.
In a similar earlier study, we observed the impact of the
pandemic on telecommuting and travel with a particular
focus on California, but also including three other popu-
lous states: New York, Texas, and Florida (17). The find-
ings of this study are expected to provide valuable
insights into the geographic variations in the impact of
the pandemic on telecommuting and travel and, thus,
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provide guidance for future pandemic-related policy
initiatives (e.g., response mechanisms, resource
allocation).

Data Sources and Study Time Frame

Data were drawn from multiple sources, with some pro-
viding aggregate-level information including county and
state-level data and others providing disaggregate-level
individual- and household-level data. The aggregate-level
data included the New York Times COVID-19 data repo-
sitory (18), the Maryland Transportation Institute (MTI)
COVID-19 Impact Analysis Platform (19), Google
COVID-19 Community Mobility Reports (20), and data
from the Bureau of Transportation Statistics (BTS) (21).
The New York Times dataset contains state- and county-
level COVID-19 cumulative cases and deaths since the
first domestic case in January 2020. For the MTI dataset,
we extracted selected data from the institute’s publicly
available web platform that provided a range of U.S.
state- and county-level data (e.g., mobility, COVID-19
spread, economy) from January 1, 2020 to the present.
The MTI platform contained privacy-protected mobile
device location data representing person and vehicle
movements (see https://data.covid.umd.edu/). We col-
lected the county-level cross-sectional data for our study
time frame (from March 4, 2020 to March 12, 2021).
Daily data for the variables that we considered from the
MTI were then collapsed into a single day value within
the study time window, one value for each county, to
generate an average value per day, thus forming the
cross-sectional data for that time window. In particular,
we considered two variables: percentage of the workforce
working from home during the pandemic; and average
PMT per day on all modes (car, train, bus, plane, bike,
walk, etc.).

The Google COVID-19 Community Mobility Reports
provided traveler locations for geographic areas world-
wide. The reports categorized activity places by several
land-use types, including workplaces, groceries and phar-
macies, retail and recreation, parks, transit stations, and
residences. The data provided the relative change in num-
bers of visits to categorized places compared with a pre-
pandemic baseline. The baseline represents a typical value
for a specified day of the week and is defined as the med-
ian value for the five-week period from January 3, 2020
to February 6, 2020. For each land-use category, the
baseline represents individual values for each day of the
week (20). Travel data were obtained from the BTS (21),
which provided trips by distance as well as the number of
people staying at home at aggregate state and county lev-
els from January 2019 to June 2021. These trips included
travel by all modes. Travel statistics were estimated based
on the anonymized national panel of mobile device data.

Trips were defined as movements that resulted in a stay
longer than 10min at an anonymized location away from
home (21). We used traffic volume trends data (22) to
analyze the changes in vehicle-miles traveled (VMT) in
each of the months of 2020 compared with the same
month in the previous year.

The disaggregate-level data utilized included the
Household Pulse Survey 2020 to 2021 (23) and the
COVID Future Wave 1 Survey (24). The Census Pulse
Survey includes data on travel behavior collected during
phase 2 (August 13–October 26, 2020) and phase 3
(October 28–March 29, 2021) of the survey over two-
week periods. These data contain the total number of
households substituting in-person work for telework in a
given state. More specifically, the survey dataset contains
users’ binary response to the following question: ‘‘whether
an adult in the household substituted some or all of their
typical in-person work for telework because of the coro-
navirus?’’ The Future Wave 1 Survey provided individual-
and household-level data including employment, shop-
ping, travel, attitudes, and demographics. This dataset
was gathered from April 14 to October 14, 2020 for a
total of 8,723 respondents from across the U.S.A.

For the study time frame, we divided one full year of
the pandemic from March 4, 2020 to March 12, 2021
into four time windows based on both conventional sea-
sons and the degree of infection in the U.S.A. These four
windows were the spring 2020 outbreak period, summer,
the fall increase period, and the 2021 vaccine period. The
spread of the pandemic in the U.S.A. over the one-year
period and the study time windows are depicted in
Figure 1. There was a slightly higher spread in the sum-
mer than during the initial outbreak period. During the
fall the number of infections increased significantly

Figure 1. Daily new COVID-19 cases and selected time
windows for the U.S.A.
Note: W = window.

Source: New York Times (18).
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followed by a sharp decline starting in 2021, at least in
part because of vaccination efforts.

The objective of this study was to explore how the
adoption of telecommuting, and activity travel behavior
in the U.S.A. varied spatially and temporally during the
COVID-19 pandemic. The spatial variations were pri-
marily examined at the state level although in some cases
county-level analyses were also conducted based on the
availability of data. At the county level, classification as
urban or rural was made using data from the 2013 urban–
rural classification framework produced by the National
Center for Health Statistics (NCHS). According to this
framework, all the U.S. counties (3,142) were classified as
urban or rural based on the U.S. Census Bureau geo-
graphic definitions (classification details can be found in
Ingram and Franco (25).

To explore the spatial variation of the impact of the
pandemic systematically, we developed a strategy to iden-
tify clusters of states with similar geographic characteris-
tics based on four attributes: fraction of urban counties;
fraction of population in urban counties; fraction of area
occupied by urban counties; and fraction of workforce
who worked from home during the study window. We
then selected representative states from each of the clus-
ters identified to examine detailed changes in telecom-
muting and travel behavior over the study periods. The
methodology used to identify clusters and the subsequent
analyses are described in the next section.

Methodology

Selection of Study Geographies

We divided the 50 U.S. states clusters based on their geo-
graphic characteristics and the degree to which they
adopted working from home during the pandemic. We
postulate that despite variations, states can be grouped
into a small number of heterogeneous clusters in which
states in the same cluster would demonstrate similar geo-
graphic and work-from-home characteristics, whereas
the states belonging to different clusters would show dif-
ferent geographic and work-from-home characteristics.
To this end, we computed a set of numeric quantities for
each state as a feature vector and utilized a K-means
clustering algorithm on that feature space to classify
state clusters. We consider the following four quantities
(each are real numbers between 0.0 to 1.0) as a feature
vector for a given state:

a) fraction of urban counties (using NCHS) in that
state;

b) proportion of population living in these urban
counties;

c) proportion of land area occupied by these urban
counties;

d) fraction of workforce working from home in that
state.

Let Xi denote the feature vector for state i, where Xi[l] is
the l-th feature value (l=1, 2, 3, and 4). We define the
difference between two states i and j as the Euclidean dis-
tance between the corresponding feature vectors Xi and
Xj, that is:

Xi � Xj

�� ��=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X4

l = 1

Xi l½ � � Xj½l�
� �2

vuut ð1Þ

Based on this distance function, the K-means clustering
algorithm identifies K clusters among the 50 U.S. states.
The clustering algorithm attempts to partition the data
into K disjoint clusters, each denoted as Ck (k=1, 2,
.K), where each cluster Ck contains one or more U.S.
states and each state is assigned to exactly one cluster.
The goal of clustering is to determine clusters so that the
sum of pairwise differences among states within the same
cluster is minimized, that is:

min
XK

k = 1

1

2jCk j
X

i, j 2 Ck

Xi � Xj

�� ��2 ð2Þ

In the above, jCk j denotes the size of the k-th cluster.
For each cluster k, a mean vector, mk , can be computed by
taking an average of members in that cluster, as follows:

mk l½ �= 1

Ckj j
X
i2Ck

Xi l½ �, l = 1, 2, 3, and 4 ð3Þ

With the above, equation (1) can be rewritten as
follows:

min
XK

k = 1

X
i 2 Ck

Xi � mkk k2 ð4Þ

An iterative algorithm (26) was used to find clusters
Ck with the above objective as follows:

a) Initialize: assign, randomly, each state to some Ck,
for k=1, 2, ., K.

b) Compute mean vector mk of each cluster on the
current cluster Ck assignment according to equa-
tion (3).

c) Reassign cluster Ck based on new mk ’s, assign
state i to the nearest cluster. That is, assign state i
to Ck if Xi � mk is the smallest among all clusters.
That is, reconstruct each cluster Ck as follows:

Ck = fi j Xi � mkk kł Xi � mk0k k, for k0 6¼ kg

d) Repeat steps (b) and (c) until convergence (assign-
ments do not change anymore).
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The algorithm takes K, the total number of clusters to
be determined, as a sole parameter that needs to be speci-
fied by the user. Typically, a range of potential values
for K (e.g., from 2 to 10) is specified, and the results are
evaluated based on the following: (a) whether the fitness
of clustering is deemed good, measured by some well-
known metric such as within sum of squares (WSS) or
silhouette score (26); and (b) the degree of interpretabil-
ity of the clusters according to their constituent mem-
bers. Based on this, one K is chosen as the best.

Exploring Telecommuting and Travel across Selected
Geographies

Ideally, telecommuting and travel characteristics of all 50
states during the first year of the pandemic would be
shown in this paper. However, displaying 50 states with
all the activity travel indicators will be cumbersome. In
addition, this will not show any discernable activity
travel characteristics across states during the pandemic.
Instead, we first clustered the 50 U.S. states into groups
based on their geographic characteristics and level of
adoption of telecommuting and then selected three repre-
sentative states from each of the clusters identified. Our
hypothesis was that states having similar geographic fea-
tures and level of adoption of telecommuting would
experience similar changes in activity travel characteris-
tics during the pandemic. Thus, this systematic way of
clustering all states and selecting ‘‘representative’’ states
from each cluster enabled the spatial variations in the
impact of the pandemic on telecommuting and travel
across clusters to be observed, and led to general

conclusions with regard to both similarities and differ-
ences according to geographic attributes.

The changes in telecommuting behavior during the
pandemic were examined according to the proportion of
time spent working from home, changes in the number
of workplace visits, the substitution of in-person work
for telework, and trends in teleworking. Similarly, the
changes in activity travel behavior were explored based
on several activity travel analytics, including activity par-
ticipation by land use, trips by distance, PMT, VMT,
and mode usage during the pandemic. The next section
describes our results from the cluster analysis and find-
ings with regard to the impact of the pandemic on tele-
commuting and travel for each identified cluster. In
addition to the state-level analysis, some county-level
analyses are also discussed.

Results and Discussion

This section presents the results from the cluster analysis
and the changes in telecommuting and travel behavior
across the identified clusters over the study time periods.

Four Geographies

We conducted K-means clustering on 50 U.S. states for a
cluster range of 2 to 12. The results of the goodness of fit
with regard to WSS (total WSS) are shown in Figure 2a.
The WSS score measures the sum of the square of the
distance from each data point to the cluster center, as per
equation (4). Ideally, the lower the WSS score, the better
the clustering. Usually, WSS scores are higher at smaller
values of K (fewer clusters) and progressively decrease as

Figure 2. (a) Goodness of fit, (b) K = 4 cluster plot.
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K increases. In a plot of WSS against K, a point in the
plot, the ‘‘elbow point’’ defines where the decrement of
WSS with respect to K transitions from a relatively sharp
decline to a flattening of WSS (also known as a scree
slope). We see that an ‘‘elbow point,’’ which represents
statistical stability, corresponds to K=4 in Figure 2a.
We utilize these four clusters for subsequent analyses.

The four clusters of 50 states are formed based on four
feature attributes that give rise to a four-dimensional rep-
resentation of data points, which is hard to visualize in a
2-D space. For visual illustration, we resort to the classi-
cal principal component analysis, which for a given num-
ber of data points finds several orthogonal directions
(also known as axes or principal components) for which
the data points demonstrate the largest variations. Figure
2b shows such a 2-D representation of 50 states in which
the two axes are defined by two principal components
that explain the greatest proportion of the variation in
the feature space across states. The first component (on
x-axis) describes the largest variation (75.3% of the total
variance) and the second component (on y-axis) describes
the second largest variation (17.9% of the total variance).
The states that belong to the same cluster were given the
same color, forming a colored region for each of the four
clusters. The nonoverlapping cluster regions suggested
that the constructed clusters were well defined.

Table 1 provides the means for the feature values of
states that belong to a given cluster. Cluster 1 primarily
consists of urban counties (91%) and the proportion of
the state population living in urban counties is very high
(98%). Cluster 1, which has the smallest mean land area
and the highest population density, is labeled as ‘‘small
urban states.’’ The second cluster also has a higher urban
fraction but its land area is much higher than cluster 1.
This group is deemed ‘‘large urban states.’’ The third
cluster has a mix of urban and rural states (0.33% of
land is urban whereas about 80% of the population live
in urban counties). The fourth cluster, with the highest
average land area and a smaller population density, con-
sists of states with predominantly rural counties (only
20% of counties are urban in this cluster). Thus, this
cluster is identified as ‘‘rural states.’’ Note that the frac-
tion of the workforce working from home is higher in
urban states compared with rural states.

The clustering produced splits of 6, 9, 18, and 17 states
in the respective clusters (the complete list is provided in
Table 2). The map shown in Figure 3 depicts the geo-
graphic distribution of the four clusters, with urban states
mostly in eastern and western coastal areas, whereas
rural and mixed states are in the central area. We chose
three representative states from each cluster to analyze
trends observed throughout the study window. The
selected states for each cluster are marked in bold and
underlined.T
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Pandemic Spread in Four Geographies

Figure 4 displays the differences in the intensity and
spread of the COVID-19 infection rates over the one-
year study period for our representative states from each
cluster. For example, small urban states experienced pan-
demic waves in the early phase of the pandemic (the
spring 2020 outbreak), whereas infections in large urban
states started increasing in summer 2020 and reached a
peak in fall 2020. Compared with the other clusters, clus-
ter 3 states (urban–rural mixed states) experienced lower
peaks of daily infection cases during fall 2020. On the
other hand, states belonging to cluster 4 (rural states)
experienced pandemic waves relatively later in the year: a
single pandemic wave with the highest peak was observed
for rural states in the fall 2020 period.

Adoption of Telecommuting during the Pandemic

The changes in telecommuting behavior during the pan-
demic through March 2020 are discussed from four per-
spectives: (a) changes in the proportion of people
working from home; (b) changes in the number of work-
place visits; (c) substitution of in-person work for tele-
work; and (c) trends in teleworking.

Changes in Working from Home and Number of Workplace
Visits. Table 3 reports the percentage of the workforce
working from home pre-pandemic and during the pan-
demic in the U.S.A. in the four identified state clusters
and for the three selected representative states in each
cluster. Although the fraction of people working from
home pre-pandemic was 4.7% in the U.S.A., that frac-
tion became 32.2% during the first year of the pandemic,
about six times higher than the pre-pandemic level. The
table also shows the same fraction for the four defined
study periods. The second (summer) period was observed
to have the largest percentage of people working from
home, whereas the fourth (vaccine) period had the smal-
lest share. On average, more people in urban states
worked from home compared with rural states (work-
from-home fractions across rural states remained at or
below 30%, whereas for urban states they were 30% and
above). Brooks et al. (28) report a similar finding of
there being a higher fraction of people working from
home in urban states compared with rural states. Among
urban states, the largest share of working from home
was in small urban states, followed by large urban and
mixed state clusters.

A higher percentage of people working from home
corresponded to a greater reduction in the number of
workplace visits during the pandemic. Table 4 shows the
changes in the number of workplace visits compared with

Table 2. The Four Clusters Identified and List of States per Cluster

Cluster Cluster label
Number
of states States

1 Small urban states 6 Connecticut (CT), Delaware (DE), Maryland (MD), Massachusetts (MA),
New Jersey (NJ), Rhode Island (RI)

2 Large urban states 9 Arizona (AZ), California (CA), Florida (FL), Louisiana (LA), New York (NY),
Pennsylvania (PA), South Carolina (SC) Virginia (VA), Washington (WA)

3 Urban–rural
mixed states

18 Alabama (AL), Colorado (CO), Georgia (GA), Hawaii (HA), Illinois (IL), Indiana
(IN), Michigan (MI), Minnesota (MN), Missouri (MO), Nevada (NV), North
Carolina (NC), Ohio (OH), Oregon (OR), Tennessee (TN), Texas (TX),
Utah (UT), West Virginia (WV), Wisconsin (WI)

4 Rural states 17 Alaska (AK), Arkansas (AR), Idaho (ID), Iowa (IO), Kansas (KS), Kentucky (KN),
Maine (ME), Mississippi (MS), Montana (MT), Nebraska (NB), New Hampshire
(NH), New Mexico (NM), North Dakota (ND), Oklahoma (OK), South
Dakota (SD), Vermont (VT), Wyoming (WY)

Note: Bold and underlined states are selected as representative states from each cluster.

Figure 3. Distribution of U.S. states for the four cluster results.
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the baseline (January 3–February 6, 2020) in 4 clusters
and 12 selected states. Because the number of workplace
visits fell during the pandemic, the changes with respect
to the baseline are negative. As expected, the reduction
in the number of workplace visits was about the same
degree as the percentage of people working from home in
all states. Overall, there was a higher reduction in the
number of workplace visits in urban states compared
with rural states. The largest reduction was in small
urban states, followed by large urban states and urban–
rural mixed states.

Substitution of In-Person Work for Telework. Because a con-
siderable fraction of people substituted their in-person
work for telework during the pandemic, we observed a
greater reduction in the number of workplace visits and
at the same time a greater adoption of working from
home. Now we want to see what fraction of households
in the U.S.A. were actually able to work from home.
Figure 5 shows the percentage of households in which at
least one adult member from the household substituted
in-person work for telework in the sample U.S. states
with reference to the whole U.S.A. Note that, here, data

Figure 4. Daily new COVID-19 cases per 100,000 population from January 2020 to March 2021: (a) small urban states, (b) large urban
states, (c) urban–rural mixed states, and (d) rural states.
Note: NJ = New Jersey; CT = Connecticut; MA = Massachusetts; CA = California; FL = Florida; PA = Pennsylvania; TX = Texas; OR = Oregon; MI =

Michigan; ND = North Dakota; WM = Wyoming; NM = New Mexico.

Source: New York Times (18).
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are shown from August 2020 to March 2021 because the
corresponding survey data were collected starting in August
2020. Nearly 35% of U.S. households adopted the phenom-

enon of working from home, which meant about one-third
of the workforce were doing so during the pandemic. In gen-
eral, there was a higher rate of substitution in urban states

Table 3. Percentage of People Working from Home Pre-pandemic and during the Pandemic

Analysis windows

Pre-COVID-19
Spring outbreak

period
Summer
period

Fall increase
period

Vaccine
period During COVID-19

Jan 3–Feb 6, 2020 Mar 4–June 10 June 10–Sept 16 Sept 16–Jan 8 Jan 8–Mar 12
Mar 4, 2020–
Mar 12, 2021

U.S.A. 4.7 28.6 37.3 33.9 27.1 32.2
Small urban states 4.7 34.6 41.3 38.7 32.0 37.1
New Jersey 4.4 35.6 42.8 39.8 33.7 38.4
Connecticut 5.1 35.4 41.0 37.1 29.6 36.4
Massachusetts 5.0 32.5 39.1 37.9 30.8 35.6
Large urban states 5.4 30.6 39.3 36.7 30.4 34.7
California 5.7 30.9 39.6 36.7 29.1 34.6
Florida 5.9 30.1 39.9 37.1 31.7 35.1
Pennsylvania 4.6 30.8 38.3 36.4 30.1 34.4
Urban–rural mixed states 4.7 31.5 40.4 36.6 30.3 35.1
Texas 4.6 31.7 40.2 35.9 29.5 34.8
Oregon 6.8 26.3 36.0 32.5 24.8 30.5
Michigan 3.9 33.1 43.0 40.3 35.2 38.2
Rural states 5.0 25.6 35.3 32.1 25.1 30.0
North Dakota 4.9 23.8 34.2 30.7 24.0 28.6
Wyoming 5.2 21.9 31.3 27.8 19.7 25.8
New Mexico 4.8 27.9 36.1 33.3 25.6 31.3

Source: Maryland Transportation Institute (19).

Table 4. Changes in Number of Workplace Visits (%) during the Pandemic Compared with the Baseline

Analysis windows

Spring outbreak period Summer period Fall increase period Vaccine period During COVID-19

Mar 4–June 10 June 10–Sept 16 Sept 16–Jan 8 Jan 8–Mar 12 Mar 4, 2020–Mar 12, 2021

U.S.A. 227.6 224.7 222.5 220.5 224.1
Small urban states 239.1 231.0 229.3 230.1 232.5
New Jersey 240.6 231.8 230.7 231.5 233.7
Connecticut 235.5 229.8 226.0 225.2 229.4
Massachusetts 239.1 230.5 229.2 231.0 232.5
Large urban states 230.4 227.7 225.8 223.0 227.1
California 232.9 230.2 229.2 228.3 230.3
Florida 227.5 227.6 224.3 219.7 225.2
Pennsylvania 231.3 225.5 224.4 221.8 226.1
Urban–rural mixed states 228.1 225.3 222.9 222.1 224.8
Texas 225.3 226.8 223.5 223.8 224.8
Oregon 229.2 226.3 225.3 224.1 226.4
Michigan 234.1 221.4 220.6 217.6 224.1
Rural states 228.2 225.5 226.1 223.2 226.1
North Dakota 224.0 222.4 222.4 216.6 221.9
Wyoming 224.7 220.9 219.7 215.0 220.7
New Mexico 229.8 227.8 230.6 228.6 229.4

Source: Google LLC (20).
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compared with rural states (the substitution rates in small
urban states and in rural states were above and below the
U.S. national average, respectively).

Trends in Teleworking. Next, we examined the trends in
working from home before, during, and after the pan-
demic. To examine these changes, we used individual-
level data from the COVID Future Wave1 Survey (24),
which was conducted from April 14 to October 14, 2020.
There were 8,723 survey respondents across the U.S.A.

We examined the trends of working from home in our
four identified clusters and the variations in trends across
the cluster states as illustrated in Figure 6.

The general trend was that a greater fraction of the
workforce worked from home during the pandemic com-
pared with the pre-pandemic period. If we compare the
four cluster states, in rural states, a higher fraction of the
workforce were unemployed and a smaller fraction of
workers worked from home before and during the pan-
demic compared with urban states. This implies that

Figure 5. Households with at least one adult substituting in-person work for telework from August 2020 to March 2021: (a) small urban
states, (b) large urban states, (c) urban–rural mixed states, and (d) rural states.
Note: HHs = households; NJ = New Jersey; CT = Connecticut; MA = Massachusetts; CA = California; FL = Florida; PA = Pennsylvania; TX = Texas; OR =

Oregon; MI = Michigan; ND = North Dakota; WM = Wyoming; NM = New Mexico; US = U.S.A. The start dates of 15 bi-weekly survey periods are shown

on the x-axis.

Source: Household Pulse Survey, U.S. Census Bureau, 2020–2021 (23).

Rafiq et al 571



during the pandemic, a greater fraction of workers were
able to substitute their in-person work for telework in
urban states compared with rural states.

With regard to the prospects for telecommuting, a
higher fraction of workers who worked from home dur-
ing the pandemic (in both rural and urban states)
reported their preference for continuing to do so even
after the threat from the pandemic had lessened. These
findings were consistent with other recent surveys in
which employers and employees were asked whether they
were amenable to continue telecommuting in the post-
pandemic world. For example, the Society for Human
Resource Management surveyed U.S. employees about
their work preferences after the threat from the pan-
demic had abated and found that 31% of workers

preferred to work fully remotely, whereas 31% preferred
fully in-person (29).

Activity Travel Behavior during the Pandemic

This section describes the changes in activity travel beha-
vior across the four clusters during the first year of the
pandemic. Among many typical measures of travel beha-
vior, in this study we considered five commonly under-
stood travel dimensions: activity participation by
purpose; trips by distance; PMT; VMT; and mode usage.

Changes in Activity Participation by Land Use. Figure 7 shows
the percentage changes in number of activity visits or vis-
itors for four land-use (activity) types: workplace,

Figure 6. Trends in teleworking before, during, and after the pandemic: (a) small urban states, (b) large urban states, (c) urban–rural
mixed states, and (d) rural states.
Note: According to the COVID Future Wave 1 Survey data, ‘‘during-COVID’’ refers to the last seven days of the survey date between April 14 to October

14, 2020, ‘‘before-COVID’’ indicates before the pandemic situation, and ‘‘after-COVID’’ refers to the time when the pandemic was no longer be a threat.

Source: Salon et al. (24), COVID Future Wave 1 Survey Data, ASU Library Research Data Repository.
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Figure 7. Changes in number of activity visits versus baseline travel and daily new cases per 100,000 population (red shaded area) in
representative states per cluster: (a) small urban states, (b) large urban states, (c) urban–rural mixed states, and (d) rural states.
Note: W = window. Changes in number of visitors are shown as a seven-day moving average.

Source: Google LLC (20).
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grocery and pharmacy, retail and recreation, and parks,
over a one-year period (March 4, 2020–March 12, 2021)
with respect to a pre-pandemic baseline value. The base-
line for a given type of activity is a typical weekday (cal-
culated over seven days) measured as the median value
for five weeks of data between January 3 and February 6,
2020. The baseline and visitor data are defined for U.S.
counties, which are then aggregated to generate the state-
level data. The mobility data (obtained from Google’s
Community Mobility Reports) provide the daily changes
in the number of visits by defined land-use (activity)
types throughout the pandemic periods.

Figure 7 shows the changes in number of activity vis-
its for two representative states for each of the four clus-
ters. The figure also shows the daily new infections per
100,000 population during the same period (red shaded
area). In general, an initial sharp decline is observed for
the number of all activity visits in all states during the
spring outbreak period (window 1). This is because most
states issued their first lockdown instructions during this
time. This decline was followed by a rise after the lock-
down period (appears as a ‘‘V’’ shape in the diagram).
Among the four types of activity visits, the number of
workplace, and retail and recreation visits declined more
and remain lower throughout the year. On the other hand,
the number of grocery and park visits increased after the
initial decline and approached the baseline. The number of
park visits decreased significantly during the holiday sea-
sons in fall 2020 when the infection rate spiked.

Noticeably, there was a smaller reduction in the num-
ber of workplace visits in rural states (cluster 4) com-
pared with their urban counterparts, whereas there was a
higher reduction in the number of grocery and retail visits
in urban states (small, large, and mixed) compared with
their rural counterparts (cluster 2, large urban states, had
the largest reduction in the number of grocery visits among
the four clusters). On the other hand, the number of gro-
cery visits in rural states did not decline much from the
baseline and remained close to the baseline throughout the
year (in fact, the number of grocery visits in Wyoming
exceeded the baseline during the summer period). With the
rise of infections during the fall, the number of grocery vis-
its declined. Noticeably, there was a large increase in the
number of park visits in small urban states during the sum-
mer, as there was in rural states. This rise may in part be
attributed to (a) a lower infection rate in summer 2020 and
(b) people increasingly opting to gather outdoors because
of social distancing guidelines. Note that because of user
privacy reasons, Google mobility data does not report visi-
tor counts when the number of participants on a certain
day in a certain area falls below a certain number of a
small number. On those days, the reported data contain
NA (not applicable/missing) markers. For some rural
states, for example, North Dakota and Wyoming, this

happened on some consecutive dates; therefore, the plot
lines break on those days (Figure 7d).

Changes in Trips by Distance. Changes in activity participa-
tion contributed to changes in the number of trips. Based
on the BTS 2020 data, Figure 8 shows the percentage
changes in the number of trips throughout the year with
respect to the same day in the previous year. Trips were
categorized into four types based on their distance: (a)
short-distance trips (below 5mi); (b) average commute
distance (5–25mi); (c) long commute distance (25–50mi);
and (d) long-distance trips (above 50mi). The figure also
shows the percentage changes in the number of people
staying at home compared with the previous year (the
shaded area), which was reported as positive because
more people stayed at home in 2020 compared with 2019.

Similar to the changes in the number of activity visits,
a V-shaped pattern was also observed in the changes in
number of trips during the initial outbreak period. This
means numbers of trips in all distance categories reduced
considerably during the lockdown period followed by an
increase after the lockdown. The levels were then stable
for the remainder of the year except for long-distance
trips. The number of long-distance trips increased during
the summer and fall, and then decreased after the holi-
days. Potential reasons for this pattern include the fol-
lowing: (a) vacation trips in private vehicles increased
because of cabin fever (people fed up of being at home
all the time); (b) business travel and some commute
travel increased in the fall because of a decrease in unem-
ployment; and (c) vacation trips increased because of the
effect of family gatherings as the Thanksgiving and
Christmas holidays approached. Among all trip distance
categories, trips under 25mi showed the greatest reduc-
tion. Notably, all trip lengths increased in frequency in
the first few months of 2021.

In the small urban states (sampled by Connecticut
and Massachusetts) there was a large rise in the number
of long-distance trips during fall 2020 compared with the
same period in 2019, followed by a sharp decline at the
start of the new year 2021. Interestingly, in the mixed
states (cluster 3) and rural states (cluster 4), there was a
progressive rise in numbers of trips in the short- and
long-distance categories during the first few weeks of
2021. With regard to the fraction of people staying at
home during the pandemic (the shaded area in the dia-
grams), a higher fraction of urban people stayed at home
compared with their rural counterparts.

Changes in PMT and VMT. We examined how the changes
in number of visits to activity locations during the pan-
demic were associated with changes in PMT (average dis-
tance traveled per person per day) and how the
association varies across urban and rural counties in the
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Figure 8. Changes in number of trips with respect to baseline travel and changes in the fraction of people staying at home in
representative states per cluster: (a) small urban states, (b) large urban states, (c) urban–rural mixed states, and (d) rural states.
Note: W = window.
Source: Bureau of Transportation Statistics (21).
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U.S.A. Figure 9 shows the distribution by county based
on changes in the number of nonworkplace visits (x-axis)
and changes in the number of workplace visits (y-axis).
The counties are color coded according to the degree of
PMT: green indicates low PMT whereas red denotes high
PMT. Low and high values are determined with respect
to the U.S. median value for PMT over the one-year
pandemic period. The four quadrants were determined
depending on the median values across the respective
axes. The fraction of counties in high and low PMT cate-
gories is reported in the respective quadrants. These fea-
tures are shown for both urban counties (Figure 9a) and
rural counties (Figure 9b).

Counties that were considered urban showed a nota-
bly different relationship between the number of work
and nonwork visits, and PMT compared with rural coun-
ties. For example, in urban counties, the lower the num-
ber of work and nonwork visits (lower-left quadrant in
Figure 9a), the lower the PMT (82% of counties have
low PMT). On the contrary, in rural counties, a lower
number of work and nonwork visits corresponded to
higher PMT values (in the lower-left quadrant, 52% of
counties have high PMT, Figure 9b). A lower number of
nonwork visits and a higher number of work visits con-
tributed to higher PMT values (upper-left quadrant in
Figure 9b). This means, in both cases, a lower number of
nonwork visits was associated with a higher PMT value,
which indicates that the reduction in the number of non-
work visits does not necessarily reduce the average dis-
tance traveled per person in a county unless the work

trips, nonwork trips, or both, are associated with shorter
travel distances.

It was anticipated that a reduction in the number of
workplace visits and an increase in working from home
may have involved less distance traveled in an area
because working from home does not involve commut-
ing. To examine this effect, quantile boxplots were con-
structed, as shown in Figure 10, to depict the
corresponding PMT in counties within a specified range
of the percentage change in workplace visits. Here, the
counties are split into groups based on quartile values,
with Q1 denoting counties below the 25th percentile
value of the percentage change in work visits, Q2 denot-
ing counties above the 25th percentile but below the 50th
percentile, and so on. It is observed that counties with
fewer workplace visits had lower PMT, because the med-
ian values (the central line inside the box) increased in
higher quartile boxes (Figure 10a). However, this rela-
tionship did not hold for rural counties. In rural areas,
higher PMT was observed for lower quantile values of
workplace visits (Figure 10b). The higher number of
nonwork activity visits and longer travel distance to
access those facilities in rural areas might increase the
PMT despite the reduction in number of workplace
visits.

We next observe how changes in the number of activ-
ity visits, as well as trips, are reflected in the changes in
VMT during the one-year pandemic period. Figure 11
shows the percentage changes in VMT for every month
from March 2020 to March 2021 with respect to the

Figure 9. Distribution of counties based on changes in nonworkplace and workplace visits by PMT: (a) urban counties in the U.S.A. and
(b) rural counties in the U.S.A.
Note: PMT = person-miles traveled (average distance traveled per person per day); L = low; H = high. L and H show the fraction of counties with low and

high PMT by quadrant.

Source: Maryland Transportation Institute (19) and Google LLC (20).
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Figure 10. Relationship between percentage change in workplace visits and person-miles traveled: (a) urban counties in the U.S.A. and
(b) rural counties in the U.S.A.
Note: Q = quantile.

Source: Maryland Transportation Institute (19) and Google LLC (20).

Figure 11. Changes in VMTwith respect to the previous year in representative states per cluster: (a) small urban states, (b) large urban
states, (c) urban–rural mixed states, and (d) rural states.
Note: VMT = vehicle-miles traveled; NJ = New Jersey; CT = Connecticut; MA = Massachusetts; CA = California; FL = Florida; PA = Pennsylvania; TX =

Texas; OR = Oregon; MI = Michigan; ND = North Dakota; WM = Wyoming; NM = New Mexico.

Source: Federal Highway Administration, 2019–2021 (22).
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same month of the previous year. The changes in VMT
are shown for the selected three sample states for each of
the four clusters. Similar to the changes in the number of
activity visits and trips, a V-shaped pattern was observed
for changes in VMT during the spring outbreak period.
This means that VMT dropped in April and increased
again after the lockdown period from mid-May, and
then progressed steadily throughout the year with a
slight increase in the summer and fall. The variations are
observed to be more consistent in the selected urban
states (small and large) whereas a lot more variation is
noticeable in the mixed and rural states. In general, there
was a lower reduction in VMT in rural states compared
with their urban counterparts (the reduction was above
40% in rural states, whereas in urban states the reduc-
tion went far below 40% in all urban categories).
Additionally, the reduction from the baseline in rural
states is smaller compared with urban states (the gap
between the baseline and the VMT trend lines for differ-
ent states). Furthermore, from February 2021, VMT
started to recover, particularly in urban states, possibly
because of the start of the vaccination efforts. However,
with the lower vaccination coverage in rural areas (39%
versus 46% reported in Murthy et al. [30]), the return to
normal VMT in rural states during that window was
rather slow compared with urban states (for instance,
urban states crossed the baseline halfway through the
window, whereas rural states remained below the
baseline).

Changes in Mode Usage. The changes in mode usage beha-
vior indicate changes in peoples’ travel choices during the
pandemic. To show changes in mode usage behavior, we
used the COVID Future Wave1 Survey data (24) con-
ducted from April 14 to October 14, 2020, in which
respondents were asked to report their frequency of mode
usage before and during the pandemic (last seven days of
the survey day). The stacked chart in Figure 12 represents
the frequency of mode usage considering all four cluster
states. Four frequency categories were considered based
on a decreasing degree of usage: ‘‘Everyday,’’ ‘‘Few times
a week,’’ ‘‘Rarely,’’ and ‘‘Never.’’

Because the number of trips decreased during the pan-
demic, there were reductions in frequency for almost all
modes, predominantly for ride-hailing and transit (the
length of ‘‘Never’’ bars are longer in Figure 12, b, d, f,
and h). The frequency of ride-hailing and transit use
plummeted, in part because people wished to avoid the
risk of exposure to the virus while traveling with stran-
gers. The decrease in the frequency of walk/bike usage
for exercise was small compared with other mode usage
frequencies. The frequency of daily driving reduced more
in urban states compared with rural states.

Conclusions

In this exploratory study, we examined how the adoption
of telecommuting, and travel behavior varied across dif-
ferent geographies in the U.S.A. over one full year of the
pandemic (March 4, 2020 to March 12, 2021) based on a
range of aggregate and disaggregate data sources. To
explore the spatial variation of the impact of the pan-
demic across 50 U.S. states systematically, we applied a
K-means clustering technique to identify clusters of states
with similar geographic characteristics based on four
attributes: the fraction of urban counties; the fraction of
population in urban counties; the fraction of area occu-
pied by urban counties; and the fraction of people work-
ing from home during the study period. Four clusters
were identified: 6 small urban states; 8 large urban states;
18 urban–rural mixed states; and 17 rural states. For
each cluster identified, three representative states were
selected to explore the impact of the pandemic on the
adoption of telecommuting, and travel behavior during
the study period. The impact was examined based on a
comprehensive descriptive analysis and visual trends of a
range of activity travel analytics. Major findings of this
study are summarized below:

(a) Findings on changes in telecommuting behavior

8 About one-third of the U.S. workforce worked
from home during the pandemic, which was
about six times higher than before the pan-
demic. More people worked from home in
urban states compared with rural states. Among
urban states, the largest share of working from
home was found in small urban states.

8 A higher percentage of people working from
home in a state corresponded to a greater
reduction in the number of workplace visits in
that state during the pandemic. The largest
reduction in the number of workplace visits
was in small urban states followed by large
urban states and urban–rural mixed states.

8 Nearly 35% of households across the U.S.A.
saw at least one member substituting their in-
person work with telework. The substitution
rate in small urban states and rural states were
above and below the U.S. national average,
respectively.

8 In both urban and rural states, a higher frac-
tion of workers who worked from home dur-
ing the pandemic reported their preference to
continue doing so even after the threat from
the pandemic lessened.

(b) Findings on changes in activity travel behavior

8 The general trend in changes in the number of
activity visits indicated a sharp decline during
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Figure 12. Frequency of mode usage before and during the pandemic across states in four identified clusters: (a) small urban states
(before pandemic), (b) small urban states (during pandemic), (c) large urban states (before pandemic), (d) large urban states (during
pandemic), (e) urban–rural mixed states (before pandemic), (f) urban–rural mixed states (during pandemic), (g) rural states (before
pandemic), and (h) rural states (during pandemic).
Source: Salon et al. (24), COVID Future Wave 1 Survey Data, ASU Library Research Data Repository.
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the initial outbreak period followed by an
increase after the lockdown period (a V-shape
in the trend plots) and then stable progress
throughout the year with fewer visits with
respect to the baseline. There were smaller
reductions in the number of both workplace
and nonworkplace visits in rural states com-
pared with urban states. There was a higher
increase in the number of park visits in sum-
mer in both rural states and small urban states.
This decreased in the fall after the holiday
season.

8 Long-distance trips increased during the sum-
mer and fall and then decreased after the holi-
days. Compared with urban states, the
changing pattern of trips in rural states was
different. There was a progressive rise in all
trip distance lengths during the first few
months of 2021 in both urban–rural mixed
states and rural states. In urban states, a
higher fraction of people stayed at home com-
pared with their rural counterparts.

8 In urban counties, fewer work and nonwork
visits led to a decrease in PMT whereas in
rural counties the opposite result was observed
(fewer work and nonwork visits were associ-
ated with an increase in PMT).

8 Because of a reduction in the number of activ-
ity visits and trips, VMT dropped during the
lockdown period but began to increase after
the lockdown starting in mid-May. In general,
there was a lower reduction in VMT in rural
states compared with urban states.

8 The frequency of ride-hailing and transit usage
reduced drastically during the pandemic in
both urban and rural states. The frequency of
daily driving reduced more in urban states
compared with rural states.

With regard to the changes in telecommuting and
travel behavior, the critical question is whether the
changes have persisted in the long term. By analyzing
disaggregate-level data, we observed that a higher frac-
tion of workers preferred to continue working from
home after the pandemic ended. Previous studies also
suggested the continuation of working from home post-
pandemic (10, 31, 32). Recently, a San Francisco-based
IT company adopted three options for its employees:
fully remote, flex, and traditional (33). In the flex option,
employees commute to the office between one and three
days per week for meetings, presentations, and colla-
borations, and work from home on the remaining days.
It is anticipated that similar policies could possibly be
adopted by other companies in the near future.

If telecommuting continues at a pandemic level or in a
hybrid manner, there may be some advantages and chal-
lenges associated with this unconventional work arrange-
ment that need to be addressed in relevant policies. For
example, telecommuting may be good for the negative
effects of transportation, because during the pandemic
there were fewer work trips, a reduction in heavy peak
hour flow, and fewer miles traveled, resulting in less air
pollution (16). Therefore, policies that promote telecom-
muting can be encouraged. However, the impact of tele-
commuting on business is uncertain. There may be an
impact on work productivity for some businesses.
Moreover, if there are fewer workers who are commut-
ing, this may reduce nonwork activities associated with
commuting. For example, if people work from home
more, it may affect daytime business because they will
not be at conventional activity centers as frequently. In
addition, a reduction in commuting may have a negative
impact on public transit ridership. Public transit opera-
tors may need to restructure their services or introduce
new technologies to accommodate demand.

Working from home may likely change the demand
for both commercial and residential space requirements.
For example, employers may reduce their commercial
spaces whereas employees may need to accommodate a
dedicated workspace in their existing home. Employees
may prefer to move from urban residences to outlying
areas to gain increased space for working from home.
This may raise demand for larger homes in suburban
areas and, thus, may have an impact on the housing mar-
ket. Recent house price increases may be an early sign of
this (34). The ramifications for local, regional, and state
land-use policies as well as transportation because of
these changes in residential location choices are uncertain
and complicated. There are likely equity issues in the
adoption of working from home. We observed that it will
not be as easy for low-income workers and people living
in rural counties to adopt this working arrangement
because of the nature of their jobs. Policies may need to
evolve to consider safe and easy access to jobs, transpor-
tation facilities, and healthcare systems. Considering all
these aspects, it appears that the post-pandemic work-
place experience may be different from that in the pre-
pandemic era, with greater accommodation of working
from home (telecommuting), accompanied by other
changes in work and nonwork activity travel arrange-
ments. Consequently, relevant land-use and transporta-
tion policies need to be considered to embrace these
challenges.

During our study time window, most Americans were
not yet fully vaccinated against COVID-19. Therefore,
we could not capture the true impact of vaccination on
peoples’ activity travel schedules. Our future research
interest is to extend the study time window and to explore

580 Transportation Research Record 2677(4)



the impact of vaccination on peoples’ actions and travel
choices. In summary, the study’s findings suggest that
there are both some similarities and differences in the
changing patterns of telecommuting and activity travel
behavior between urban and rural geographies observed
during the COVID-19 pandemic. These findings are
expected to provide valuable insights for policies that
influence telecommuting, transportation, and land-use
issues, and for the assessment of geographic variations in
the adoption of telecommuting, participation in activity
travel, and a broad range of associated impacts. The
insights into regional variations will also provide gui-
dance for future pandemic-related policy initiatives, such
as response mechanisms and resource allocation.
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